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Abstract

This paper examines the impact of early 20th-century rent control laws in New York
City (NYC), using a Regression Discontinuity Design (RDD) to analyze the effects on
market rents near municipal court district boundaries. We focus on rent regulations
introduced in 1920, where judges had discretion to determine rent increases and did
so influenced by their partisan affiliations. Using a dataset of over 12,000 rental list-
ings from the New York Times and records of 125 district judges, we find that mar-
ket rents jumped by almost 10% crossing fromDemocrat- to Republican-controlled
districts after the policy was implemented. A causal interpretation is supported not
only by a rich set of controls but also by the lack of any discontinuity just before these
controls were introduced or after. Our findings contribute new evidence on judicial
discretion’s role in shaping housingmarket outcomes and provide insights into early
rent control policies, highlighting their distortionary effects on rentalmarkets before
WorldWar II.
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1 Introduction

The affordability of housing has become an issue of primary political importance
in many high-income cities since the Great Recession of the late 2000s. This is
particularly true for rents, with urban rents in theU.S. rising by 70%between 2010
and 2024, compared to an increase in the overall CPI of 45%.1 In response, many
jurisdictions have revisited the use of regulatorymeasures that limit the allowable
increase in rents. However, despite their increasing popularity as a policy tool,
the economic costs and benefits of these regulations have long been a source of
considerable debate amongst academics and policymakers.

Rentcontrolswerewidelyused internationallyafterbothFirst andSecondWorld
Wars, in the context of high inflation rates due to severe housing shortages. In
this paper, we study the impact on market outcomes of 1920 rent control laws in
New York City (NYC), the world’s largest city at that time. These regulations com-
binedmodern “Just Cause Evictions” elements with the legal authority to control
prices, giving elected civil court judges the power to determine whether a rent in-
crease was “reasonable”. This resulted in the emergence of “tenant” and “land-
lord” judges who openly advocated for the interests of their respective sides (Ra-
jasekaran et al., 2019; Fogelson, 2013). We exploit this combination of the discre-
tionary nature of the controls and the openly ideological persuasions of judges.
Theory suggests that, in a world with non-trivial legal costs, where landlords face
the prospect of “pro-tenant” judge, their incentive to increase rents is lower, given
that tenants couldwithhold rents and given the prospect of non-recoverable legal
costs.

We implement a Regression Discontinuity Design (RDD) to measure the ef-
fects of rent control onmarket rents, using the application of controls across ten-
ancies, the binding nature ofmunicipal court district (MCD) boundaries and dis-
tance to theboundariesbetween“pro-tenant” (Democrat) and“pro-landlord” (Re-
publican) judge districts. To measure market rents, our outcome of interest, we
assemble a dataset of over 12,000 NYC rental listings, with precise location and
listed rent, from the New York Times (NYT) for the period 1918-1926. To mea-
sure our treatment, the strictness of rent controls, we collect information on all
125municipal district court judges, their affiliations and election cycles, from the

1These percentage changes are taken from FRED tables CUSR0000SEHA and CPIAUCSL.
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NYCOfficial City Directory. We find that, in line with our theoretical proposition,
therewas a jump in rents of aboutninepercent, whencrossing theboundary from
Democrat-judgedistricts toRepublican-judgedistricts. Supporting our causal in-
terpretation, rents were smooth at the boundary both before the introduction of
rent controls, using a sample for 1918-1920, and after (using 1930 data). We com-
plement our baseline RDD analysis, where rent control strictness is categorical,
with an event study design, allowing us to exploit the potential for judge share to
benon-zero forbothparties. The results support ourbaseline: mixeddistricts saw
market rents that were 6%-8% higher than Democrat-only districts.

Our paper is related to the vast literature investigating the economic effects of
rent control on rent prices. Kholodilin (2024) provides a recent overview of the lit-
erature on the economic effects of rent controls, in particular on eight outcomes.
That review of the literature finds that, in the vast majority of cases, while rent
controls do moderate increases for protected tenants (e.g. Olsen, 1972; Linne-
man, 1987), rents in the uncontrolled sector increase as a result (Early and Olsen,
1998). Mobility and the supply of rental housing also suffer because of rent con-
trols (Svarer et al., 2005): studyingmodern San Francisco controls, Diamond et al.
(2019) find that tenants with rent controls stayed in their home longer and that
landlords reduced supply by up to 20 per cent through sales, conversion of the
building and redevelopment. Similarly, looking the ending of controls in Mas-
sachusetts, Sims (2007) finds that landlords lowered the quality and quality of the
rental stock (see also Sagner and Voigtländer, 2023). Relevant to our setting, the
higher the intensity of rent control, the stronger its effects (Fetter, 2016; Early,
2000; Breidenbach et al., 2019).

Our research is related, secondly, to a body of economic research on judges
and their decision-making. Both Gordon (2007) and Lim, Snyder, and Strömberg
(2015)find thatelected judges impose longer sentences thanappointedones. More-
over, partisan judicial elections tend tomirror political election results: Lim, Sny-
der, andStrömberg (2015)find that voters inpartisanelections votebasedon their
party loyalty simply as a short-cut or tie-breaking rule; Lim and Yurukoglu (2018)
shows that party affiliation is strongly related to critical decisions such as the ad-
judication of return on equity to electric utilities. Finally, Mueller-Smith (2015)
shows that judges may vary in their relative treatment of different types, allowing
a given assignment to increase or decrease the probability of incarceration de-
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pending on a given defendant’s traits.
Wecontribute toboth these literatures. In relation todecision-makingby judges,

our contribution is evidence that elected officials’ political affiliation affects their
decision-making, according to theparty’s ideology. Wecontribute to the literature
on rent control in two ways: firstly, ours is the first using a dwelling-level dataset
in a pre-WorldWar 2 setting andwe find support for the hypothesis that rent con-
trols distorted outcomes between those with protection and those without. Sec-
ondly, in addition to a new setting, we contribute to this literature by investigating
a new policy design that works through judges’ discretion over rents – related, we
propose a mechanism affecting landlords’ profit expectations due to costly law
proceedings.

The paper is organized as follows. Section 2 describes the historical and in-
stitutional context. Section 3 discusses the data sources and provides evidence
on judges’ decision-making behavior. Section 4 introduces the mechanism and
discusses the empirical analysis. In Section 5, we estimate the effect of rent con-
trols, first using a regression discontinuity design and then with an event study
approach. Section 6 concludes.

2 Historical and Institutional Context

By the early 20th century, New York City had grown to become one of the largest
cities in theworld, with a population of approximately 5millionpeople at the out-
break of World War I in 1914. The war, however, had a significant impact on the
city’s economy and its housingmarket, especially after the US entered the war. In
1918, less than $40m of new construction projects were authorized, down nearly
80% from almost $200m in 1916. With little new supply, a rapidly rising popu-
lation and (after the war’s end) returning troops, the vacancy rate of housing fell
from 5.6% inMarch 1916 to just 0.2% in February 1921 (Grebler, 1952). With such
tight market conditions, housing prices soared; according to Lyons et al. (2024),
market rents inNewYorkCity roseby 120%between1916 and1920. Individual ex-
amples support this market-level assessment. For instance, the monthly rent for
a small four-room apartment increased by 125% from $18.50 in June 1919 to $42
in September, while another apartment on Park Avenue near 92nd Street saw its
annual rent jump from $2,400 to $5,750 (Fogelson, 2013; New York (State)., 1921).
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Such stark increases in market rents brought a response, initially by tenant
unions, including through rent strikes, and in turn by politicians. The state gov-
ernment implemented rent control laws initially in April 1920, amending them
in September (Fogelson, 2013). The regulation stated that rent increases of more
than 25 percent per year were “unjust, unreasonable, and oppressive”, in effect
strongly discouraging them. However, the ultimate decision in relation to any
proposed increase that came before the court fell to MCD judges, who could de-
cide whether the proposed increase was ’reasonable’ and also whether an evic-
tion warrant was applicable. Judges could grant stays of up to twelvemonths and
strike down rent increases which were not ’reasonable’. The regulations on rent
increases applied to all buildings built before April (later September) 1920, thus
exempting new construction.2 The design of this policy gave judges at the MCD
level significant power in relation to rental markets. In effect, by being able to
rule on the reasonableness of individual rent increases, they could determine rent
ceilings. As discussed in Fogelson (2013), contemporary accounts noted thatmu-
nicipal district judges wielded more power than ever before and their decisions
reflected their attitudes.

Figure1providesanoverviewof the timelineof rent controls. Theywerestarted
in 1920 and abolished in 1929. Underpinning that abolition was the wider trend
in housing costs in the city during the 1920s. The 1920s saw very high volumes of
new rental supply, with over 740,000 new homes built 1920-1929, over twice the
number built in the 1910s (and almost four times the number that would be built
in the 1930s). With the stock of housing growing by nearly half in the space of a
decade, rents in the open market peaked in 1920 and had fallen by 28% by 1930
(Lyons et al., 2024).3 From the start, the “Emergency” rent laws had been sub-
ject to heavy criticism through their existence from several parties, including real
estate interest groups such as the Greater New York Taxpayer Association. Gov-
ernor Al Smith appointed an advisory Commission on rent controls, the so-called
“SteinCommission”, which recommended extending the laws in 1923 but in 1925,

2A fourth stipulation related to services related to shelter: a landlord who failed to furnish es-
sential services could be charged with a misdemeanor, punishable by a fine of $1,000, a year in
prison, or both.

3According to the same index,market rents fell by a further 28% in theGreat Depression (1930-
1934), meaning that in nominal terms market rents had fallen by just over half between 1920 and
1934.
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asmarket conditions changed, it recommended “luxury decontrol”, i.e. removing
the top end of the rental market from the regulations (Fogelson, 2013). In May
1926, the first rent decontrol occurred, removing any dwellings with a monthly
rent per room of $20 or higher. With falling rents, a second phase of rent decon-
trol took place in 1928, with any dwelling with monthly rents per room over $10
now excluded from controls, before the regulations expired completely in 1929
(Collins, 2013).

Figure 1: Timeline of Rent Control Events (1918-1930)
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The rent controls in New York in the 1920s were far from notional. The Stein
Commissionoutlinedstatisticson thenumberofSummaryProceedings instituted
in theCity ofNewYork in 1920 and 1921 (NewYork (State)., 1921). Across the city’s
five boroughs, there were 118,240 summary proceedings in 1920 and 125,856 in
1921. Further, as confirmed by a State Supreme Court decision in April 1921, rent
controls applied across tenancies: landlords were not allowed to “exact from new
tenants a rental in excess of that paid by a former tenant” (NewYork Times, 1921).
We take this as clear evidence both that rent controls were widely used and that
they applied to the full rental market throughout their period of operation, thus
acting as a credible constraint on the behavior of landlords.

In 1920, New York City had 24 municipal court districts (MCDs); the number
of districts was increased in 1924 by one. The number of judges per district varied
fromone to six, with anaverageof 2.6 judgesperMCD.The total number of judges
in the city rose from 45 in 1918 to 53 in 1930. Judges were elected and individu-
als were eligible to run for election if they resided in the district and had served
as an Attorney of State for at least five years. They served ten-year terms, earn-
ing $8,000-$9,000 per year, but could be removed by a two-thirds vote of the State
Senate upon theGovernor’s recommendation. With approximately 50 judges and
roughly 120,000 cases per year, a judge would be expected to handle on average
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2,400 casesper year, although this numberwill have varied considerably over time
and by district. The high volume of cases meant both that judges will have had to
have used priors, including ideological beliefs, whendetermining cases rapidly. It
also meant that judges were significant public figures whose appearances, opin-
ions, and decisions were frequently covered by newspapers.

Elected in partisan elections, judges were incentivized tomake public procla-
mations, particularly regarding rent laws, tomobilize voter support. Some judges,
such as Jacob Strahl, judge at the 4th District Court in Brooklyn, were regarded as
“tenants’ friends”. In late April 1920, Strahl announced that he would not issue
eviction warrants on May 1st [expiration for unspecified leases under common
law], and shortly after that, he said he would not dispossess anyone for failing to
pay a rent increase 4. Similarly, William E. Morris announced, “I’ll say right now
I’m pro-tenant and I don’t care who knows it.”5 On the other hand, Peter A. Sheil,
judge at the 1st District Court in the Bronx, favored landlords. Of the more than
two hundred tenants who appeared before him in late April for non-payment of
rent, only a few had their proposed rent increases reduced (and then only by one
or twodollars) (Fogelson, 2013). Unsurprisingly, as per Fogelson (2013), therewas
a sense that there were “pro-tenant judges” and “pro-landlord judges”, a feature
that we exploit in our empirical strategy.

3 Data

In this section,wedescribe theconstructionofourmainoutcomeof interest,mar-
ket rents, and our judge-level dataset, which yields our main treatment(s) of in-
terest. We also document evidence from newspaper articles on landlord-tenant
cases on the link between judge decisions and party ideology. Figure 2 provides a
preview of three kinds of data that we use in our analysis.

4Move to Disbar Justice Strahl on Campaign Cartoon Showing Him as Foe of Rent Profiteer.
(1922, April 21). The EveningWorld.

5Landlords’ Greed Stirs Wrath of Justice Morris. (1920, August 11). The Sun and New York Her-
ald, 16.
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Figure 2: Examples of data sources

(a) New York Times

(b) Green Book (c) Daily News

Note. Figure 2 shows example of the main data sources used in the paper. Panel 2a shows a snap-
shot of the real estate section of the New York Times; Panel 2b displays the Green Book; and Panel
2c shows an example of a landlord tenant case from the Daily News.
Source. New York Times; York (N.Y.) et al. (n.d.); Real Estate Record and Builders’ Guide; Green
Book; Daily News.
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3.1 Market Rents

Ourdata onmarket rents comes fromNewYorkTimes listings. A sampleof listings
was manually digitized, with listings only being included in the dataset if certain
criteria weremet in relation to information available. In particular, for a listing to
be included, it had to have a (listed) rent, exact address, ameasure of size (such as
number of rooms or bedrooms), and a property type (house or apartment). Other
characteristics, includingwhether the dwellingwas furnished or whether utilities
were included in the rent, were also gathered. The strategy for choosing listings
involved taking the last Sunday for the secondmonth of each quarter, where pos-
sible, from 1918 until 1926, as Sundays had the largest volume of listings. Given
the volume of listings on most dates, our data-gathering strategy involved sam-
pling across all columns with relevant listings, thus ensuring that any geographic
clustering in the rental listings would not affect the dataset. This process yielded
a final dataset of 15,398 listings collected across 80 dates between January 1918
and November 1926, with a further 5,216 for our 1930 sample, discussed further
below.

Each listing was then geocoded using the address. This involved a two-step
process, with a first-round geolocation using Google Maps API. However, streets
numbers and in some cases street names have changed since the sample period,
meaning the Google Maps API may not accurately locate some listings. For that
reason, exact addresses were cross-referenced using street intersections (exploit-
ing the inclusionof streetsandavenues in listings) tocreatecoordinates that could
address changes to street numbers. In addition, changes in street addresses were
handled using Bromley fire insurancemaps and the PLUTO2002 shapefiles.6 Fig-
ure 3 shows the spatial distribution of geocoded rental listings. A key resulting
feature of each listing is theMCD in which it is located and the distance from the
nearest neighboring district. Otherwise similar rental homes within close prox-
imity to the boundary of anMCDwith a different composition of judges (by party
affiliation) are at the core of our identification strategy.

6FigureA.3 inAppendixA showsadetail ofmanually correctedobservationsand theunderlying
lots, addresses, and house numbers.
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In our Regression Discontinuity Design approach, outlined later, we include
fixedeffects forNeighborhoodTabulationAreas (NTAs), asfixedeffectsat theMCD
level would be perfectly multicollinear with our treatment. Our dataset covers
NTAs inacross the fourmostpopulousboroughsof thecity: Manhattan, theBronx,
Brooklyn and Queens.7 The resulting indices match the main characteristics of
NYC’s rentalmarketwith, for example, rents lower in theLowerEast Sideandhigh-
est in the Upper East andWest Sides. Overall, rents in our dataset are higher than
the city-wide average observed in the 1930Census but this is due to the frequency
with which different neighborhoods are observed.8

3.2 Judges

Our primary argument is that a judge’s party affiliation correlates with their deci-
sions in relation to rent increases (or evictions). Historically, the Republican Party
was aligned with big business interests (Link, 1959) and typically opposed leg-
islation aimed at redistributing wealth or assisting the laboring classes (Nelson,
2001). This suggests that Republican judges would be inclined to rule in favor of
landlords. Conversely, the base of the Democratic Party, split between a progres-
siveurbanelectorate andaconservative rural southernbase (Link, 1959), suggests
that Democratic judges would be more likely to rule in favor of tenants. Judges
may also have been incentivized to take sides in their rulings for various reasons.
As public figures, judges’ appearances and opinions were often covered by news-
papers at trade unions, dinners, and festivals. Given that judges were elected in
partisanelections, they couldmobilize voters by taking a standon rent laws. How-
ever, judgesmightdepart fromstrictparty lines, especially inNewYorkCity,where
Democrats were historically linked to the corrupt Tammany Hall, and Republi-
cans, suchasFiorelloLaGuardia, promotedsocialwelfarepolicies (Williams, 2014).

Empirically, our approach is informed by the literature on judges. First, the
empirical literature on judges shows that the appointment system can influence

7While there are someobservations for Staten Island, these are few. Also, there is no variation in
judges in Staten Island: all judges throughout the period are Democrat, giving us little statistical
power in the outcome and no variation in the treatment. For that reason, we focus on the four
other boroughs of NYC.

8To assess whether this bias stems from the fact that we only observe part of the city’s neigh-
borhoods, we calculate frequency weights as the number of observations within a neighborhood
divided by the total number of rental observations in Figure B.4. This confirms that higher average
rents in our sample largely stem from spatial bias.
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judges’decision-makingbehavior. BothGordon, 2007andLim, Snyder, andStröm-
berg, 2015 find that elected judges impose longer sentences than appointed ones.
Second, partisan judicial elections tend to mirror political election results. Lim
and Snyder, 2015 finds evidence that electoral behavior is highly biased in parti-
san judicial elections. In partisan elections, the correlation between the Demo-
cratic vote share in political and judicial elections is above 0.9, while in nonparti-
san elections, the correlation is well below 0.5.

We start by gathering information about each of 125 judges from theNYCOffi-
cial City directory, known as the Green Book. This directory provides each judge’s
MCD, party affiliation, and re-election date. All judges in our study are affiliated
with a political party. The majority are Democrats (93 judges), followed by Re-
publicans (30 judges), one Liberal Party affiliate, and one Socialist Party mem-
ber. However, during the period under analysis, the share of Republican judges
at the district level fluctuated. The share of Republican judges for selected years,
byMCD, is shown in Figure 4.

Historical rent case recordsdonot appear tohave survived, hinderingour abil-
ity todirectlyobserve the linkbetween judgedecisionsandpartyaffiliation. Rather
than assume that judges followed political persuasions, however, we used news-
paper archives to build a dataset of municipal court cases between landlord and
tenant, where the judge is known. These articles, covering 72 cases from 1918 to
1926, provided insights into the stance of 42 judges (23 Democrats and 19 Repub-
licans). Articles were sourced from newspaper archives using search terms that
included each judge’s full name (e.g., “WilliamE.Morris”) or variations like “Judge
Morris” and “Justice Morris”. The complete list of newspapers used and the clas-
sification of judges can be found in Table B.1.

We focus on two types of articles: those describing landlord-tenant cases con-
cerning rent issuesand those involvingevictiondemands. Weclassified the judges’
decisions using three criteria, assigning a dummy variable equal to one if:

• The judge reduced the rent demanded by the landlord.

• The judge refused any rent increase.

• The judge refused the landlord’s eviction demand.

We then averaged these decisions for each judge and subsequently by party af-
filiation. The results are summarized in Figure 5. For eviction cases, Republican
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Figure 4: Share of Republican judge

(a) Pre rent control

(b) Post rent control

Note. Figure 4 shows themunicipal court districts (MCD) in New York City. Each district had been
colored according to the share of Republican judges elected at each point in time; we plot the
variation in judge shares in MCDs in Panel (a) to (b); note that there nore changes from 1920 to
1925 in Panel.
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judges granteda stay in 17%of cases, compared to 56% inDemocrat districts. This
is clear evidence of differences across party lines. Similarly, regarding rental re-
ductions, Republican judges refused to reduce the rent demanded by landlords in
27% of cases, compared to 19% for Democrat judges. Finally, Republican judges
did not allow any rent increase less often than their Democrat counterparts: 40%
of cases compared to 46%. It is important to note that the measure here is at
the extensive margin: the decision to increase or decrease the rent or not. It is
likely, given the result in relation toevictions, thatwhereDemocrat judges allowed
increases, the increases allowed would have been smaller than for Republican
judges (the intensive margin; unobserved).

Figure 5: Judge decisions

Note. Figure 5 gives the average decisions made by judges from the Republican and Democratic
parties. We first calculated the average decision for each judge based on three criteria: tenant
evicted, rent reduced, and no increase in rent. Subsequently, we computed the average of these
judge decisions within each party faction (Democrat or Republican). The vertical lines represent
one standard deviation. Further details on the construction of the data set can be found in Section
3.1.

This dataset has clear limitations. Firstly, we observed only 23 of the 58 judges
from 1920 to 1926 in eviction cases. The frequency of appearances varied signif-
icantly, with some judges appearing once and others up to eight times. The rep-
resentativeness of judges’ decisions is, therefore, uneven, and there may be po-
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tential bias due to newspaper reporting, which may favor more prominent cases
or judges who seek public attention. Nonetheless, while caution is required, we
believe that these cases and the findings outlined above support the assumption
that judges’ decisions reflected their political affiliation.

4 Empirical Strategy

4.1 Conceptual Framework

We propose a straightforward framework to analyze how rent control may have
impacted the housing market in New York City. We begin by assuming that land-
lords aim tomaximize their income, by setting a rent amount denoted as r. In the
absence of rent control, this rent would be determined through the market equi-
librium, which we denote as r∗. With rent controls, the controlled rent is lower
than the market rent: r̄ < r∗. With rent controls of the type instituted in NYC in
the 1920s, landlords continue to choose rents tomaximize income, but subject to
the constraint that rent controls would be enforced in a Court. For simplicity, we
consider two rents for any dwelling, r∗ and r̄.

If a landlord demands a rent (r∗) that is higher than the controlled rent (r̄), the
decision may end up before the Municipal Court. This could be because the ten-
ant brings a case or, if the tenant refuses to pay, the landlord would file to evict
the tenant. If the landlord loses the case, they incur costs represented by c, which
includes hold-up and solicitor costs.9 With multiple judges per MCD, they face a
probability that they encounter a “pro-landlord” judge with a probability p and a
“pro-tenant” judgewith probability 1−p. The payoffs for the landlord in choosing
r can be expressed as follows:

E(r) =

pr∗ + (1− p)(r̄ − c) if r̄ < r

r̄ if r̄ = r

The extreme values of p present simple outcomes. In the case where the prob-
ability of facing a pro-landlord judge is p = 1, firstly, the expected payoff of setting

9We do not restrict this cost to be just the cost of a solicitor. It could also include the forgone
rents and deterioration and damage to the property in case of rent strikes.
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the rent to themarket rent would be greater than the expected payoff of setting it
to the controlled rent,E(r∗) > E(r̄). Where the probability of facing a pro-landlord
judge is p = 0, however, the expected payoff of setting the rent to the controlled
rent minus the cost would be less than the expected payoff of simply setting it to
the controlled rent,E(r̄−c) < E(r̄). However,where theprobability of facingapro-
landlord judge is 0.5, the decision by the landlord depends on the relative sizes of
the c and themarket/control gap (r∗ − r̄: the landlord will increase the rent to the
market level, if themarket rentminus the cost exceeds the average rent, r∗−c > r̄.

In short, our simple model predicts that if the probability of facing a landlord
judge is between 0 and 1, the landlord’s choice will depend on the actual pay-
offs and the (all-in) cost of going to Court. Further, the broad prediction stem-
ming from this simple theoretical framework is that, in general, prevailing rents
in the open market will be higher, the greater the share of pro-landlord judges in
anMCD.

4.2 Regression Discontinuity

Given the goal of identifying causal effects of rent controls on market outcomes,
the main challenge in our setting is that assignment of judge type is not random.
For example, the district electorate most likely to elect a pro-landlord judge may
also be thosewhere the share of landlords is high, where the housing stock is con-
strained, or where other demographic factors (such as income levels) may be dif-
ferent fromdistricts electingpro-tenant judges. WecananalyzebasicCensusdata
to assess differences across MCDs. As shown in Figure B.1 of Appendix B, all-
Republican and all-Democrat MCDs are similar across a range of neighborhood
characteristics, includingpopulation, income,populationshareby tenure, by race,
or by second-generation immigrants. Mixed districts are largely similar, but differ
on average in two indicators: total population; and tenure mix. Nonetheless, the
potential for omitted variable bias remains: theremay exist factors that could lead
to both high rents and the election of a pro-landlord judge, meaning estimates
from standard regression analysis may be biased.

Our empirical strategy exploits the binding nature of MCD boundaries and
variation in judge leniency. The same Court, with its set of judges, handled all
cases in a district, with each dwelling mapped to one district by its geographical
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Figure 6: Treatment Boundary

(a) 1918 (b) 1919

(c) 1920-1925 (d) 1926

Note. Figure 6 shows themunicipal court districts (MCD) in New York City. Each district has been
colored according to the political affiliation of the elected MCD judges. All districts with only Re-
publican judges are colored in red; all districts with only Democrat judges are colored in blue;
districts with judges fromboth parties are colored purple. The dotted line indicates our treatment
boundary. In our baseline treatment, we consider the distance to Republican and Democrat-only
MCDs. Since elections alter the spatial distribution of judges, we plot the variation in treated and
control MCDs in Panels (a) to (d). Note that there are no changes from 1920 to 1925 in Panel (c).
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location. Theoretically, as noted above, the more pro-landlord an MCD’s judges
are, the higher rents will be. Empirically, as shown in Section 3.2, the evidence
is that, on balance, judges affiliated to the Democratic Party will judge in favor
of tenants, while Republican judges in favor of landlords. In particular, Figure 6
shows (in the dashed black lines) where the identification in the empirical design
used comes from: in the RDD set-up, rental listings either side of the border be-
tween deep blue anddeep redMCDs. As shown in the lower panel of Figure 4, this
includes a number of areas inManhattan and across Brooklyn and Queens.

Our analysis is at the dwelling level. It is in effect a hedonic price regression
with a Regression Discontinuity Design (RDD), where we include as the forcing
variable the distance to the nearest boundary of anMCDwith a different political
affiliation. The forcing variable is positive within Republican districts and neg-
ative for Democrat districts. In our baseline, we include only all-Republican or
all-Democrat districts. This gives 18 districts per year and a total sample in the
baseline of 11,192 listings.10

We estimate the following equation at the dwelling level:

yi,m,t = θ · 1(distancei > 0)i,t + fa(distancei)+

f b(distancei) · 1(distancei > 0)i,t + Xi,t,m + γt + θm + ui,t (1)

where yi,m,t is the listed rent for dwelling i in MCDm in year t and distancei mea-
sures thedistance fromproperty i to thenearestMCDborder. distancei is negative
if the MCD is controlled by a Democrat judge and positive otherwise, excluding
mixed districts.

The two unknown functions fa and f b are assumed to be smooth in distance.
Weusea localnon-parametric approach,witha triangular kernel density function
in the optimal bandwidth proposed by Imbens and Kalyanaraman (2012) as our
baseline. As is standard in a hedonic set-up, we include a vector of dwelling-level
controls, X, including size in rooms (included as a vector of categorical variables,
one for each room size), whether the property was furnished, whether water and
electricity were included in the rent, and property type (apartment or house). We

10In Appendix C.2, we relax our empirical strategy by including thoseMCDs in the analysis that
hadbothRepublican andDemocrat judges. For this exercise, we consider anMCDas treated if the
share of republican judges was larger than 50%.

18



also include two distance-based controls: distance to the coast/river and to the
nearest park. We cluster standard errors at the neighborhood level to account for
thecorrelationbetweennearbyproperties andpresent robustbias-correctedcon-
fidence intervals, correcting for the fact that confidence intervals are sensitive to
bandwidth choice.

The identifying assumption in our RDD set-up is that the error term, ui,t, does
not jump at the boundary betweenMCDs. Where that assumption holds, βi pro-
vides an unbiased estimate of the effect of MCDs (and thus rent controls) on a
dwelling’s rent. Support for the assumption that distance to MCD boundary is
continuous at the discontinuity is given in Figure 7, which shows both density
tests and histograms of the forcing variable for rents in bins of 12.5 meters be-
fore and during rent control. Neither figure reveals any apparent sorting around
the discontinuity, and the estimate from theMcCrary test is small and statistically
insignificant.

4.3 Event Study

We augment our RDD baseline with an Event Studies specification, by analyzing
whether the relationship between rent control and market outcomes varies with
the intensity of rent control. In linewith the conceptual framework above, we test
whether the likelihood of facing a pro-landlord judge incentivizes landlords to in-
crease rents. Specifically, we propose two continuous treatments: (1) the share
of Republican judges in a MCD and (2) the number of republican judges in year
t in MCD u. The former is consistent with the probability of encountering a pro-
landlord judge (p), as described above, while the secondmeasure captures some-
thing closer to themarginal effect on rents of an additional Republican judge. We
use the binary treatments from the RDD in order to check for consistency of re-
sults.

Equation 2 gives our event study specification specification:

yi,m,t =
∑
τ

βτ · post1920 · Tt,u(τ = t− 1920) + Xi,m,t + γt + θm + ui,m,t (2)

where again yi,m,t is the listed rent for observation i in MCDm in year t. The vari-
able Tt,u denotes treatment, for whichwe use one of the twomeasuresmentioned
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Figure 7: Continuity at Cutoff - Rental Dataset

(a) Density test - 1918-1920 (b) Histogram - 1918-1920

(c) Density test - 1921-1926 (d) Histogram - 1921-1926

Note. Figure 7presents results from testing if the continuity assumption at the thresholdholds. We
report tests for the period before and during rent control—panel (b) and (d) show the distribution
of the running variable. Bins are 12.5meters in a 1kmbandwidth around the cutoff at 0. Panels (a)
and (c) showMcCrary tests to assess whether there is a discontinuity in the density of properties
at theMCD boundary.
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above. We compare the effects of our continuous treatments to the year of rent
control implementation in 1920. Dwelling level controls are included in Xi,m,t,
as per Equation 1, while γt and θm are time and district-level fixed effects; MCD
fixed effects control for otherwise unobserved differences across Court districts.
We cluster standard errors at the neighborhood level.

Inour event study set-up, our identifyingassumption is that, in absenceof rent
control, the intensitywouldnotmatter for rents. Inotherwords,without rent con-
trols, other things being equal, rents in all-Republican ormixedMCDs (i.e. with at
least one Republican judge) would have moved parallel to those in all-Democrat
districts.

5 Analysis

5.1 Regression Discontinuity

We begin by estimating the RDD equation, Equation 1. A summary of the main
resultsof theRDDisgiven inFigure8,whichcorresponds to the regressions results
in the first columns of Table 2 and Table 1. In Figure 8, Panel 8a shows a smooth
relationship of rental prices at the cutoff before the introduction of rent control in
April 1920,whilePanel 8b shows that, in the rent control period (fromApril 1920 to
May 1926), rents jump discontinuously at the border between MCDs of different
judge types. These results, which include year andNTA fixed effects but not other
dwelling-level controls, indicate that — at first pass —market rents are higher in
all-RepublicanMCDs.

We can examine these results in more detail, presenting regression results in
Table 1 and Table 2. These regression results are the output of Equation 1 being
estimated for samples before and after the introduction of rent control in April
1920. Each table has two panels, one for a linear function and one for quadratic,
and four columns. The first column uses the optimal bandwidth, b̂, calculated
using the Imbens and Kalyanaraman (2012) algorithm, but does not include any
controls other than year and NTA FEs. The second column adds dwelling-level
controls (as described earlier). The third and fourth columns use half and double
theoptimalbandwidth, as calculated, tocheck if effects varybybandwidthchoice.

We start with our period of interest, when controls were in full effect, April
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Figure 8: Effect at cut-off onmarket rents (RDD)

(a) Before controls (Jan 1918-Mar 1920) (b) During controls (Apr 1920-May 1926)

Note: Figure 8 shows the binned scatterplot relationship between rental prices and the RDD
running variable (distance to nearest MCD border) using 25 meter bins; Panel (a) shows the
relationship before the introduction of rent control; Panel (b) shows the relationship during
rent control; Democrat districts have negative distances and lie to the left of the zero line, while
Republican districts have positive distances and lie to the right of the zero line. All regressions
follow Equation 1; we used a bandwidth of 500m; the shaded area show 95% confidence intervals;
standard errors have been clustered at the neighborhood level.

1920–May 1926. Table 1 presents the results of estimating Equation 1 for the sam-
ple of listings during the Rent Control period. In each of the eight columns, the
coefficient is positive and in six, it is statistically significant, meaning that during
the Rent Control period there was a jump in rents crossing from an all-Democrat
MCD to an all-Republican one. This is truewhether a linear or quadratic function
is chosen, with and without controls, and statistical significance only fails where
half the optimal bandwidth is used (although the point estimate is still positive).
Using the optimal bandwidth, and including dwelling-specific controls, the esti-
mate of the jump inmarket rents at the boundary is between 8% and 9%.

Ourpre-RentControlperiod, fromJanuary1918 toMarch1920, actsasaplacebo
test: there should be no relationship between judge composition and rents at the
boundaryofMCDs inaperiodwhen judgeshavenocontrol over rents. This is sup-
ported by the empirical analysis. Unlike in the Control period, for the pre-Control
period (Table 2), there is no evidenceof any statistically significant change inmar-
ket rents at the boundary between all-Democrat and all-Republican MCDs. This
is true across all eight specifications: while point estimates vary from 8% to -10%,
they are noisy and in no instance is the point estimate statistically significantly
different from zero.
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Table 1: Effect at cut-off on rents during Rent Controls (Apr 1920–Nov 1926)

linear quadratic
b̂ b̂ b̂/2 b̂ ∗ 2 b̂ b̂ b̂/2 b̂ ∗ 2

βrdd 0.097*** 0.075** 0.036 0.083*** 0.109* 0.089** 0.045 0.090***
(0.033) (0.034) (0.044) (0.025) (0.056) (0.041) (0.049) (0.029)

Controls ✗ ✓ ✓ ✓ ✗ ✓ ✓ ✓
Year FE ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
NTA FE ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
BWS 1.004 0.716 0.358 1.432 1.040 1.375 0.687 2.749
Obs. 9039 8688 8688 8688 9039 8688 8688 8688
R2 0.137 0.304 0.313 0.296 0.137 0.296 0.304 0.294
CIlrb 0.021 -0.001 -0.190 0.007 -0.008 0.001 -0.168 0.012
CIurb 0.167 0.145 0.151 0.164 0.244 0.177 0.159 0.175
Note. Table 1 reports regression results for rents using the Rent Control period (April 1920–May
1926); the running variable is the distance from a property to the treatment boundary as shown
in Figure 6. Columns 1–4 gives RD estimates using a linear specification. In column (1)-(2) the
sample had been restricted to a bandwidth of b̂, determined by the Imbens and Kalyanaraman
(2012) algorithm. Columns 5–8 are alternative RD specifications using half, b̂/2, and double, 2b̂,
the optimal bandwidth. Columns 5–8 give RD estimates using a quadratic specification; controls
include the distance to the coastal line and the nearest park, the total room, and a set of dummies
indicating if the propertywas furnished, hadwater and electricity included, and a dummy if it was
a flat or a house. All specifications include year and neighborhood (NTA) fixed effects; standard
errors in parenthesis have been clustered at the neighborhood (NTA) level; we additionally report
robust bias-corrected confidence intervals. ***, **, * indicate significance at the 1 per cent, 5 per
cent and 10 per cent level respectively.
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Table 2: Effect at cut-off on rents before Rent Controls (Jan 1918–Mar 1920)

linear quadratic
b̂ b̂ b̂/2 b̂ ∗ 2 b̂ b̂ b̂/2 b̂ ∗ 2

βrdd 0.022 0.038 -0.046 -0.001 0.002 0.003 -0.152 -0.018
(0.117) (0.133) (0.162) (0.101) (0.204) (0.158) (0.226) (0.118)

Controls ✗ ✓ ✓ ✓ ✗ ✓ ✓ ✓
Year FE ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
NTA FE ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓
BWS 0.617 0.469 0.235 0.938 0.722 0.834 0.417 1.668
Obs. 2081 1983 1983 1983 2081 1983 1983 1983
R2 0.152 0.438 0.532 0.413 0.153 0.417 0.461 0.409
CIlrb -0.273 -0.255 -0.430 -0.281 -0.437 -0.318 -0.672 -0.311
CIurb 0.266 0.298 0.465 0.320 0.458 0.321 0.429 0.299
Note: Table 1 reports regression results for rents using the pre-Rent Control period (January 1918–
March 1920); the running variable is the distance from a property to the treatment boundary as
shown in Figure 6. Columns 1–4 gives RD estimates using a linear specification. In column (1)-(2)
the sample had been restricted to a bandwidth of b̂, determined by the Imbens andKalyanaraman
(2012) algorithm. Columns 5–8 are alternative RD specifications using half,b̂/2, and double, b̂ ∗ 2,
the optimal bandwidth. Columns 5–8 give RD estimates using a quadratic specification; controls
include the distance to the coastal line and the nearest park, the total room, and a set of dummies
indicating if the propertywas furnished, hadwater and electricity included, and a dummy if it was
a flat or a house. All specifications include year and neighborhood (NTA) fixed effects; standard
errors in parenthesis have been clustered at the neighborhood (NTA) level; we additionally report
robust bias-corrected confidence intervals. ***, **, * indicate significance at the 1 per cent, 5 per
cent and 10 per cent level respectively.
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Robustness We test if the effect varies when mixed districts are included and
consideraMCDasRepublicancontrolled if the shareofRepublican judges is larger
50%. We estimate Equation 1 using the same set-up as above. Results are given
in Table C.3 and Table C.4 of Appendix C.2. As above, there is no evidence for
any significant effect of the border before introduction of rent control. For the
control period, the broad pattern of results holds, although smaller bandwidth
choices render the effect insignificant. We also test for the sensitivity of outcomes
to different RDD parameter choices. Appendix C.3 shows that treatment effects
are highly stable inmagnitude across bandwidths choices before and during rent
control (Figure C.1). For each bandwidth choice rent prices after the introduction
of rent control are higher by the same factor. Panel C.1c and C.1d in particular
show that estimates become significant a bandwidth larger than 300meters.

5.2 Event Study

Here, we undertake the Event Study set-up outlined in Section 4.3, in particular
Equation 2. As outlined in that section, landlords will seek themarket rent if they
face a pro-landlord judge with certainty, and they will set the controlled rent if
they are sure they will face a pro-tenant judge. If the probability of facing a pro-
landlord judge is between 0 and 1, the landlord’s choice will depend on the actual
payoffs and the cost of the lawsuit. An event-study approach allows for this and
for this we use two different measures of treatment at the intensive margin. The
first is the share of republican judges within an MCD. Assuming random alloca-
tion to cases, this closely proxies the probability of encountering a landlord judge.
Second, we use the number of republican judges, which corresponds to the ap-
pearance of a judge in a district and his public image, thus signaling the landlord
the presence of a landlord judge.

Results from estimating Equation 2 for our rent data are shown in Figure C.2.
Again, we find a convincing effect of rent control on rental prices. The difference
inmarket rents betweenMCDs that are controlled by 0%and 100%byRepublican
averages at 10%, which closely matches the results we report in Table 1. An addi-
tional Republican judge increases rental prices by about 3%. Given that there are
on average two Republican judges in an MCD, this would mean 6% higher rents
in a typical mixed district. These results are confirmed by using the binary treat-

25



Figure 9: Effect of Continuous Treatments

Note. Figure C.2 reports point estimates for βτ in Equation 2 using the full set of property level
controls, year and neighborhood fixed effects. Year dummies are interacted with (1) the share of
Republican judges inMCDuor (2) thenumberofRepublican judges inMCDu. Standarderrors are
clustered at the neighborhood (NTA) level. The shaded area shows the estimated 95% confidence
bands, and theorange lineplots theaggregatedaverage fromthe simple interactionbetween treat-
ment Tt,u and an indicator variable 1(t > 1920).
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ments from the RD design in Appendix C.4. The point estimate averages at 10.7%
and 8.8% for the Republican-only treatment andmajority-Republican treatments
while there is no evidence for pretends in rents using either treatment.

5.3 Persistence of Effects

Asdescribed earlier, theheight of rent controlwas from1920 to 1926. InMay1926,
all previously controlledproperties thatwereputon themarketorwhichhadrents
payingmore than20$per roompermonthwereuncontrolledand in1928, proper-
ties renting for more than 10$ per roomwere uncontrolled. The laws were not re-
newed in 1929 and expired. This section tests whether rent control’s effects lasted
beyond their existence, using a dataset of just over 5,000 listings from 1930. Using
the samegeocoding techniques as described in Section 3,wematch thoseproper-
ties to the municipal court district between 1920 and 1926 and take the distance
to their respective court border, which we use as a placebo treatment. We show
results from estimating Equation 1 in this setup in Table 3.

Table 3: Effect at cut-off onmarket rents after Control (1930)

linear quadratic
b̂ b̂ b̂/2 b̂ ∗ 2 b̂ b̂ b̂/2 b̂ ∗ 2

rdest 0.328*** 0.041 -0.064 0.072 0.303* -0.017 -0.082 0.059
0.095 0.041 0.071 0.042 0.129 0.061 0.080 0.054

Controls ✗ ✓ ✓ ✓ ✗ ✓ ✓ ✓

Year FE ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

NTA FE ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

BWS 582.966 441.717 220.858 883.434 1274.329 850.755 425.377 1701.509
Obs. 5216 5077 5077 5077 5216 5077 5077 5077
R2 0.205 0.602 0.635 0.590 0.218 0.592 0.606 0.570
CIlrb 0.079 -0.099 -0.201 -0.113 0.021 -0.169 -0.288 -0.145
CIurb 0.558 0.105 0.250 0.125 0.569 0.086 0.162 0.128
Note. Table 1 reports regression results for ask rents; the data had been subsetted for the rent
control period 1921-1926; the running variable is the distance from a property to the treatment
boundary as shown in Figure 6. Columns 1–4 gives RD estimates using a linear specification. In
column (1)-(2) the sample had been restricted to a bandwidth of b̂, determined by the Imbens and
Kalyanaraman (2012) algorithm. Columns5–8arealternativeRDspecificationsusinghalf,b̂/2, and
double, b̂ ∗ 2, the optimal bandwidth. Columns 5–8 give RD estimates using a quadratic specifica-
tion; controls include the distance to the coastal line and the nearest park, the total room, and a
set of dummies indicating if the property was furnished, had water and electricity included, and
a dummy if it was a flat or a house. All specifications include year and neighborhood (NTA) fixed
effects; standard errors have been clustered at the neighborhood (NTA) level; we additionally re-
port robust bias-corrected confidence intervals.

27



This exercise reveals that, where dwelling-level controls are included, there is
no evidence that rent prices jump at the border between previously Democrat-
controlledandpreviouslyRepublican-controlleddistricts. Inboth linearandquadratic
set-ups, there is a difference in rents, when no controls are included, but this ef-
fect disappears once controls are included. Across all specificationswith controls,
the coefficient is noisy and not statistically significant from zero. Thus, the effect
of rent control disappearedwith its abolition. Similar to the regression for thepre-
Control period, these results, from after the end of rent controls, aid a causal in-
terpretation of the results during the Control period. They also suggest that the
duration of controls did not lead to longer-lasting effects, such as income sorting,
in the rental sector.

6 Conclusion

While rent control has been one of the most studied policies in economics, only
recent studies have empirically investigated its causal mechanisms. This paper
investigates the effects of the first rent control laws in theUnited States, passed in
1920 inNewYorkCity, which empowered judges to decide on a case-by-case basis
over rent increases. Wepropose amechanismaccording towhich landlords antic-
ipate the costs of lawsuits since they know the partisanship of a judge. Therefore,
landlords align with the policy if there is a probability of having a tenant judge.

Overall, wefindevidenceacrossavarietyof tests that the1920 rent control laws
were affecting market rents through judge rulings, at least indirectly. We estab-
lish that Republican judges were more lenient towards landlords than Democrat
judges. While we cannot establish a direct link between court rulings and rents,
we exploit the binding nature of court boundaries. Using a RD design, we find a
jump in rents at the border between Republican and Democrat judges of close to
ten percent. These results are confirmed using an event study design.

While the effect on rents confirms that the policy was binding, the lack of any
persistent impact at the border reflects the short-term and provisional character-
istics of rent control. The control had to be renewed every two years by the leg-
islature in Albany, and landlords could expect rent controls to be abolished on a
rollingbasis. Moreover, given that judges couldbe elected evenwithin the system,
variation could lead to an adjustment of landlords’ price expectations regarding
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prices.
Our focus is on price outcomes in the rental market but the nature of the rent

controls suggests a number of rich potential avenues for future research. These
include potential spillovers in the sales segment, particularly as mortgage mar-
kets were evolving in the 1920s to something closer tomodernmortgage systems.
In addition to price effects, the rent controlsmay have also generated quantity ef-
fects. On the one hand, at the margin, rent controls incentivized the demolition
of existing dwellings and their replacement with new homes, which would be ex-
empt, implying thatDemocrat-controlledareasmayhave seenmoreconstruction
of new rental housing, during the 1920s boom. On the other hand, with the evolu-
tion of credit markets, rent controls may have encouraged changes in the tenure
mix and, allied with new transport technologies, this could have led to a boom
in the construction of owner-occupied housing. As rent controls regain political
popularity, understanding the wider effects of episodes such as New York’s 1920s
controls has a wider relevance.

29



References
(State), New York (1925). Report of the Commission of housing and regional planning to

Governor Alfred E. Smith and to the Legislature of the state of New York. Albany: J. B.
LYON COMPANY, PRINTERS.

Breidenbach, Philipp, LeaEilers, and JanFries (2019).RentControl andRentalPrices:High
Expectations, High Effectiveness? DE: RWI.

Collins, TimothyL. (2013).An Introduction to theNewYorkCity RentGuidelines Boardand
the Rent Stabilization System. New York City Rent Guidelines Board.

Diamond, Rebecca, TimMcQuade, andFranklinQian (2019). “TheEffects of RentControl
Expansion on Tenants, Landlords, and Inequality: Evidence from San Francisco”. In:
American Economic Review 109.9, pp. 3365–3394.

Early,DirkW. (2000). “RentControl,RentalHousingSupply, and theDistributionofTenant
Benefits”. In: Journal of Urban Economics 48, pp. 185–204.

Early, Dirk W. and Edgar O. Olsen (1998). “Rent control and homelessness”. In: Regional
Science and Urban Economics 28, pp. 797–816.

Fetter, Daniel K. (2016). “The Home Front: Rent Control and the Rapid Wartime Increase
in Home Ownership”. In: Journal of Economic History 76.4, pp. 1001–1043.

Fogelson, Robert M. (2013). The Great Rent Wars: New York, 1917 - 1929. New Haven and
London: Yale University Press.

Gordon, Sanford C. (2007). “The Effect of Electoral Competitiveness on Incumbent Be-
havior”. In: Quarterly Journal of Political Science 2.2, pp. 107–138. DOI: 10.1561/100.
00006035.

Grebler, Leo (1952). Housing Market Behavior in a Declining Area. New York: Columbia
University Press.

Imbens, G. and K. Kalyanaraman (2012). “Optimal Bandwidth Choice for the Regression
Discontinuity Estimator”. In: The Review of Economic Studies 79.3, pp. 933–959. DOI:
10.1093/restud/rdr043.

Kholodilin, Konstantin A. (2024). “Rent control effects through the lens of empirical re-
search: An almost complete reviewof the literature”. In: Journal ofHousing Economics
63, p. 101983. DOI: 10.1016/j.jhe.2024.101983.

Lim, Claire S. H., James M. Snyder, and David Strömberg (2015). “The Judge, the Politi-
cian, and the Press: Newspaper Coverage and Criminal Sentencing across Electoral
Systems”. In: American Economic Journal: Applied Economics 7.4, pp. 103–135. DOI:
10.1257/app.20140111.

30

https://doi.org/10.1561/100.00006035
https://doi.org/10.1561/100.00006035
https://doi.org/10.1093/restud/rdr043
https://doi.org/10.1016/j.jhe.2024.101983
https://doi.org/10.1257/app.20140111


Lim, Claire S. H. and Ali Yurukoglu (2018). “DynamicNaturalMonopoly Regulation: Time
Inconsistency,MoralHazard, andPoliticalEnvironments”. In: JournalofPoliticalEcon-
omy 126.1, pp. 263–312. DOI: 10.1086/695474.

Lim, Claire S.H. and James M. Snyder (2015). “Is more information always better? Party
cues and candidate quality in U.S. judicial elections”. In: Journal of Public Economics
128, pp. 107–123. DOI: 10.1016/j.jpubeco.2015.04.006.

Link, Arthur S. (1959). “What Happened to the Progressive Movement in the 1920’s?” In:
The American Historical Review 64.4, p. 833. DOI: 10.2307/1905118.

Linneman, Peter (1987). “The Effect of Rent Control on theDistribution of Income among
New York City Renters”. In: Journal of Urban Economics 22, p. 14.34.

Lyons, Ronan C., Allison Shertzer, Rowena Gray, and David N Agorastos (2024). The Price
of Housing in the United States, 1890-2006. 32593.

Mueller-Smith, Micheal (2015). “The Criminal and Labor Market Impacts of Incarcera-
tion”. In:Working Paper.

Nelson, William E. (2001). The Legalist Reformation: Law, Politics, and Ideology in New
York 1920-1980. University of North Carolina Press. 468 pp. ISBN: 978-0-8078-5504-1.

New York (State). (1921). Intermediate report of the Joint Legislative Committee on Hous-
ing. At head of title:Legislative document1921no. 15. Albany: J.B. Lyon Co. 6 p.

New York Times (1921).No rent increase: Landlord Can’t ChargeMore Rent Than Old Ten-
ant Paid.New York Times. p. 102.

Olsen, Edgar O. (1972). “An Econometric Analysis of Rent Control”. In: Journal of Political
Economy 80.6, pp. 1081–1100.

Rajasekaran, Prasanna, Mark Treskon, and Solomon Greene (2019). Rent Control. What
Does the Research Tell Us about the Effectiveness of Local Action? Washington: Urban
Institute.

Sagner,PekkaandMichaelVoigtländer (2023). “Supply sideeffectsof theBerlin rent freeze”.
In: International Journal of Housing Policy 23.4, pp. 692–711. DOI: 10.1080/19491247.
2022.2059844.

Sims, David P. (2007). “Out of control: What can we learn from the end of Massachusetts
rent control?” In: Journal of Urban Economics 61.129.

Svarer, Michael, Michael Rosholma, and Jakob RolandMunchb (2005). “Rent control and
unemployment duration”. In: Journal of Public Economics 89, pp. 2165–2181.

United States. Bureau of Labor Statistics, BLS (n.d.). Changes in Cost of Living In Large
Cities In theUnited States, 1913-41 : Bulletin of theUnited States Bureauof Labor Statis-
tics, No. 699. No. 699. Washington, D.C.: U.S. G.P.O.

31

https://doi.org/10.1086/695474
https://doi.org/10.1016/j.jpubeco.2015.04.006
https://doi.org/10.2307/1905118
https://doi.org/10.1080/19491247.2022.2059844
https://doi.org/10.1080/19491247.2022.2059844


Williams, Mason B. (2014). City of Ambition: FDR, La Guardia, and theMaking of Modern
New York.New York: W. W. Norton & Company.

York (N.Y.), New, New York (N Y. ) City Record Office, and New York (N Y. ) City Publishing
Center (n.d.). The Green Book: Official Directory of the City of New York. The City.

32



A SupplementaryMaps

Figure A.1: Historical Municipal District Courts - Manhattan

Note. Figure A.1 shows the Borough of Manhattan, the Assembly, Aldermanic, and Municipal
Court Districts in 1918.
Source. Lionel Pincus and Princess Firyal Map Division, The New York Public Library (1918). Map
of the Borough of Manhattan, showing the Assembly, Aldermanic, andMunicipal Court Districts.
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Figure A.2: Alternative treatment boundary

(a) 1918 (b) 1919

(c) 1920-1925 (d) 1926

Note. Figure A.2 shows the municipal court districts (MCD) in New York City. Each district had
been colored according to the political affiliation of the elected MCD judges. A district is con-
sidered as Republican controlled if the share of Republican judges within the MCD is larger than
50%; therfore there are nomixed colored districts. The dotted line gives our treatment boundary;
in our baseline treatment, we consider the distance to majority Republican and majority Demo-
crat MCDs; since elections alter the spatial distribution of judges, we plot the variation in treated
and control MCDs in Panel (a) to (d); note that there nore changes from 1920 to 1925 in Panel (c).
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Figure A.3: Example of manual geocoding

(a) PLoto 2002 lot files

(b) Bromley fire insurancemaps

B Descriptive statistics

Table B.1: Judge Coding

Name Newspaper Year Month Day Reduction of rent No increase Tenant not evicted

0. Grant Esterbrook New York Tribune 1920 Jul 24 0 0

Aaron J. Levy Daily News 1922 Jun 21 1

Abram Ellenbogen The EveningWorld 1920 Jan 14 0

Abram Ellenbogen New York Times 1920 April 21 0

AdamChristmann, Jr. Daily News 1921 Nov 12 1 0

Benjamin Hoffman New York Times 1920 Apr 13 1 1 0
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Benjamin Hoffman The Sun 1920 Apr 13 1 1 0

Charles B. Law The EveningWorld 1921 Sat 8 1 1

Charles J. Carroll Daily News 1926 Sep 29 0

Edgar F. Hazelton The Brooklyn Daily Eagle 1920 Oct 29 1 1

Edgar F. Hazelton The Brooklyn Daily Eagle 1920 Oct 29 0 0

Edgar F. Hazelton The Brooklyn Daily Eagle 1921 Aug 24 1

Edgar F. Hazelton Standard Union 1922 Aug 11 0

Edgar F. Hazelton Standard Union 1922 Aug 11 0

Edgar F. Hazelton Standard Union 1922 Aug 11 0

Edgar F. Hazelton Standard Union 1922 Aug 11 0

Edgar F. Hazelton Standard Union 1922 Aug 11 0

Edgar J. Lauer New York Herald 1921 May 13 0 0 0

EdgarM. Doughty The Brooklyn Daily Eagle 1921 Jun 22 1 1

EdgarM. Doughty Standard Union 1922 Apr 16 1

EdgarM. Doughty Standard Union 1923 Aug 20 1 0

Frank J. Coleman, Jr. New York Herald 1921 Jan 18 1 1

George L. Genung The EveningWorld 1921 Feb 4 1 1

George L. Genung New York Times 1921 Oct 22 0 0

Harrison C. Glore Standard Union 1921 May 13 0

Harry Robitzek New York Herald 1922 Jan 26 0

Harry Robitzek The EveningWorld 1922 Mar 14 1 0

Harry Robitzek Daily News 1920 Apr 9 0 0

Harry Robitzek New York Times 1920 Apr 29 0 0 0

Harry Robitzek New York Times 1923 Jan 24 1 0

JacobMarks EveningWorld 1921 Apr 28

JacobMarks New York Times 1922 Apr 16 1

Jacob Panken New York Tribune 1920 May 7 1

Jacob Panken New York Herald 1922 Nov 24 1

Jacob S. Strahl New York Times 1920 Jan 1 1

Jacob S. Strahl New York Times 1920 Jan 1 1

Jacob S. Strahl The EveningWorld 1920 Sep 20 1 1

Jacob S. Strahl New York Herald 1922 May 9 1

James A. Dunne Standard Union 1922 Jan 4 1

James A. Dunne New York Herald 1921 May 3 1

James A. Dunne Standard Union 1921 Dec 18 0 0

James A. Dunne The EveningWorld 1922 Jan 14 1 0

John G.McTigue Daily News 1921 Sep 16 1 1

John Hetherington Brooklyn Times 1922 Jan 25 0

John Hetherington New York Times 1922 Jul 2 1

JohnM. Cragen Brooklyn Times 1921 Dec 11 0

JohnM. Cragen Brooklyn Times 1922 Jan 25 1

John R. Davies New York Tribune 1921 Nov 25 1 1

John R. Davies New York Times 1920 Apr 21 1 0

John R. Farrar The Brooklyn Daily Eagle 1922 Jun 22 1 1

John R. Farrar The Brooklyn Daily Eagle 1922 Jun 22 1 1

Leopold Prince New York Times 1920 Apr 29 1 0

Leopold Prince New York Times 1924 Jan 27 1 1

36



Michael J. Scanlan EveningWorld 1920 Sep 9 1 0

Michael J. Scanlan Daily News 1920 Sep 3 1 0

Michael J. Scanlan New York Tribune 1920 May 7 1 0

Samson Friedlander New York Herald 1921 Oct 27 1 0

Samson Friedlander New York Tribune 1920 May 7 0

Thos. E. Murray New York Tribune 1920 May 8 0

Timothy A. Leary New York Times 1922 Jun 20 1

William Blau New York Tribune 1920 Aug 1 1 0

William Blau New York Tribune 1920 Aug 1 0

William C.Wilson New York Times 1920 April 21 1 0

William E. Morris New York Tribune 1920 May 8 1 0

William E. Morris New York Herald 1922 Apr 13 1

William E. Morris Democrat and Chronicle 1920 Aug 10 1 1 1

William F. Moore The EveningWorld 1921 Sep 6 1 1

William J. A. Caffrey Daily News 1921 Dec 11 1

William J. Bogenshutz Standard Union 1923 Nov 5 0 0 0

William J. Bogenshutz Standard Union 1922 May 14 0 0

William Young New York Times 1921 Apr 10 0 0

Note. Table B.1 displays the the full list of articles used to classify judge decisions in Chapter 3. It
reports the name of the Newspaper as well as the classification of a judge’s decisions. Eviction
equals to one if a tenant was evicted and zero otherwise, rent decrease equals to one if a judge
decided to decrease the amount demanded by a landlord and no increase equals one if a judge
was not granting any increase demanded by the landlord.

Table B.2: Descriptive statistics

1918 1919 1920 1921 1922 1923 1924 1925 1926
Panel A: Rents

Monthly rent 149 162 279 186 156 157 133 138 142
(108.64) (120.194) (475.324) (138.731) (86.015) (93.013) (90.121) (100.003) (150.665)

Rooms 5 4 3 4 4 3 4 4 4
(2.746) (2.14) (2.133) (2.357) (2.324) (2.262) (2.032) (1.933) (2.116)

N 906 1587 1037 1876 1832 1734 1984 2332 2110

Panel D: Judges
Avg. Judge 2.33 2.35 2.48 2.49 2.49 2.49 2.46 2.46 2.46

(1.022) (0.994) (1.243) (1.214) (1.214) (1.214) (1.22) (1.22) (1.22)
N judges 45 46 46 47 47 47 48 48 48
Avg. Rep. judge 0.93 1.11 1.04 1.02 1.02 1.02 1 0.94 0.85

(1.338) (1.524) (1.349) (1.343) (1.343) (1.343) (1.337) (1.262) (1.22)
N Rep. judges 15 17 20 20 20 20 20 19 17
Note. Table B.2 reportsmeans and standard deviations in parentheses. Panel A describes themain
outcomes in the rentdataset. PanelB-Cdescribes the transactionpriceof residential andcommer-
cial properties. Panel D displays the average number of (republican) judges by municipal court
district. Totals are indicated byN. All prices had been deflated using the cpi deflator and are given
in 1918 Dollars.
Source. (State) (1925). The City of New York.
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Figure B.1: Differences across MCDs

Note. The figure shows census aggregates for MCDs by share of Republican judges. Individual-
level data from the 1920 decennial censuswere aggregated at the enumeration district level. Next,
we aggregated NTA aggregates using overlapping area weights. An NTA was counted in an MCD
if more than 50% of its area was within the MCD; MCDs were collapsed into three groups: no Re-
publican judges, Republican-only, andmixed. Thebars show the average for the shares of second-
generation immigrants, blacks, whites, and owners, income, and population by the share of Re-
publican judges. The vertical lines represent one standard deviation.
Source. Author’s own calculations; US federal census.
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Figure B.2: Judge Elections

Note. Figure B.2 shows the absolute number of elections by year. Elections have been grouped by
the political affiliation of the winning judge, including winning incumbent judges. Therefore, the
figure includes elections that are either changing or preserving a seat in a court.
Source. York (N.Y.) et al. (n.d.).
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Figure B.3: Rent indeces

Note. Figure B.3 shows rent indexes for New York City using 1918 as the base year. The black solid
line shows a hedonic index using market rents (Hedonic index). The index values have been ob-
tained from the fixed effects of regressing the logarithm of rent on property-level controls and
time-fixed effects. The black dashed line shows values from a sitting tenants index by the Bureau
of Labor Statistics (BLS index). Finally, the light gray dashed and dashed-dotted lines are indices
from the Federal Reserve. FED A gives rental prices for properties at the upper end of the market.
FED B shows index values for properties at the lower end of the market. Both indeces were taken
from Table 4 in (State) (1925).
Source. Author’s own calculations; United States. Bureau of Labor Statistics (n.d.); (State) (1925).
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Figure B.4: Rent distributions

(a) Census and sample distribution

(b) Reweighted census distribution

Note. Figure B.4 shows the distribution of the contract rent from the 1930 census and from our
sampleofmarket rents for the years 1929 to1931. PanelB.4aplots the rentdistribution in the1930s
census vs the sample distributions from1929 to 1931. Panel B.4b plots the reweighted distribution
in the 1930s census vs the sample distributions from1929 to 1931. We calculate frequencyweights
as the number of observations within a neighborhood divided by the total number of rental ob-
servations. We calculate the difference in neighborhoodweights between the census and our rent
sample by subtracting the weights from our sample from the census. We then add one to each
weight. Thus, we give the average rent in the census a higher weight when it is observed with a
higher frequency than in our sample and for neighborhoods observed at a lower frequency, we re-
duce the weight of the distribution.
Source. Author’s own calculations; US federal census.

41



C Additional Results

C.1 RDD estimates for Manhattan

Table C.1: Effect at cut-off on rental prices - 1918-1920 - Manhattan

linear quadratic
b̂ b̂ b̂/2 b̂ ∗ 2 b̂ b̂ b̂/2 b̂ ∗ 2

βrdd -0.057 -0.021 0.078 0.054 -0.207 -0.084 0.199 -0.012
(0.182) (0.168) (0.141) (0.131) (0.274) (0.246) (0.210) (0.177)

Controls ✗ ✓ ✓ ✓ ✗ ✓ ✓ ✓

Year FE ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

NTA FE ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

BWS 0.307 0.244 0.122 0.488 0.376 0.362 0.181 0.723
Obs. 1881 1785 1785 1785 1881 1785 1785 1785
R2 0.450 0.511 0.602 0.412 0.428 0.466 0.551 0.390
CIlrb -0.499 -0.460 -0.099 -0.475 -0.839 -0.633 0.002 -0.582
CIurb 0.351 0.332 0.668 0.318 0.333 0.471 1.064 0.354
Note. TableC.1 reports regression results for ask rents; the data hadbeen subsetted for the pre rent
control period 1918-1920 and only for properties located in Manhattan; the running variable is
the distance from a property to the treatment boundary as shown in Figure 6. Columns 1–4 gives
RD estimates using a linear specification. In column (1)-(2) the sample had been restricted to a
bandwidth of b̂, determined by the Imbens and Kalyanaraman (2012) algorithm. Columns 5–8 are
alternativeRDspecificationsusinghalf,b̂/2, anddouble, b̂∗2, theoptimalbandwidth. Columns5–8
give RD estimates using a quadratic specification; controls include the distance to the coastal line
and thenearestpark, the total room, andasetofdummies indicating if thepropertywas furnished,
hadwaterandelectricity included, andadummyif itwasaflatorahouse; all specifications include
year and neighborhood (NTA) fixed effects; standard have in parenthesis been clustered at the
neighborhood (NTA) level; we additionally report robust bias-corrected confidence intervals. ***,
**, * indicate significance at the 1 per cent, 5 per cent and 10 per cent level respectively.
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Table C.2: Effect at cut-off on rental prices - 1920-1926 - Manhattan

linear quadratic
b̂ b̂ b̂/2 b̂ ∗ 2 b̂ b̂ b̂/2 b̂ ∗ 2

βrdd 0.079 0.021 0.079 0.069* -0.003 0.102 0.202** 0.018
(0.069) (0.056) (0.067) (0.041) (0.127) (0.091) (0.093) (0.069)

Controls ✗ ✓ ✓ ✓ ✗ ✓ ✓ ✓

Year FE ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

NTA FE ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

BWS 0.338 0.314 0.157 0.628 0.306 0.252 0.126 0.505
Obs. 6046 5726 5726 5726 6046 5726 5726 5726
R2 0.303 0.324 0.295 0.317 0.310 0.329 0.300 0.317
CIlrb -0.100 -0.118 0.022 -0.070 -0.258 -0.064 -0.030 -0.165
CIurb 0.236 0.139 0.381 0.147 0.284 0.319 0.428 0.232
Note. Table C.2 reports regression results for ask rents; the data had been subsetted for the rent
control periodApr 1921-Nov 1926 andonly for properties located inManhattan; the running vari-
able is the distance from a property to the treatment boundary as shown in Figure 6. Columns 1–4
gives RD estimates using a linear specification. In column (1)-(2) the sample had been restricted
to a bandwidth of b̂, determined by the Imbens andKalyanaraman (2012) algorithm. Columns 5–8
are alternativeRDspecificationsusinghalf,b̂/2, anddouble, b̂∗2, theoptimal bandwidth. Columns
5–8 give RD estimates using a quadratic specification; controls include the distance to the coastal
line and the nearest park, the total room, and a set of dummies indicating if the property was fur-
nished, hadwater andelectricity included, andadummy if itwasaflator ahouse; all specifications
include year andneighborhood (NTA) fixed effects; standard errors in parenthesis have been clus-
tered at the neighborhood (NTA) level; we additionally report robust bias-corrected confidence
intervals. ***, **, * indicate significance at the 1 per cent, 5 per cent and 10 per cent level respec-
tively.
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C.2 RDD estimates for alternative treatment boundary

Table C.3: Effect at cut-off on rental prices - 1918-1920 - alternative boundary

linear quadratic
b̂ b̂ b̂/2 b̂ ∗ 2 b̂ b̂ b̂/2 b̂ ∗ 2

βrdd 0.040 -0.017 -0.134 -0.029 0.059 -0.044 -0.162 -0.068
(0.103) (0.100) (0.104) (0.077) (0.163) (0.110) (0.143) (0.083)

Controls ✗ ✓ ✓ ✓ ✗ ✓ ✓ ✓

Year FE ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

NTA FE ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

BWS 0.600 0.451 0.225 0.901 0.759 0.893 0.447 1.787
Obs. 2738 2624 2624 2624 2738 2624 2624 2624
R2 0.186 0.469 0.541 0.442 0.185 0.444 0.476 0.426
CIlrb -0.211 -0.245 -0.293 -0.263 -0.301 -0.269 -0.479 -0.300
CIurb 0.245 0.162 0.143 0.179 0.419 0.161 0.125 0.115
Note. Table C.3 reports regression results for ask rents; the data had been subsetted for the pre
rent control period Jan 1918- Mar 1920; the running variable is the distance from a property to
the treatment boundary as shown in Figure A.2. Columns 1–4 gives RD estimates using a linear
specification. In column (1)-(2) the sample had been restricted to a bandwidth of b̂, determined
by the ImbensandKalyanaraman (2012) algorithm. Columns5–8are alternativeRDspecifications
using half,b̂/2, and double, b̂ ∗ 2, the optimal bandwidth. Columns 5–8 give RD estimates using a
quadratic specification; controls include the distance to the coastal line and the nearest park, the
total room, andasetofdummies indicating if thepropertywas furnished, hadwater andelectricity
included, andadummy if itwas aflat or ahouse. All specifications include year andneighborhood
(NTA) fixed effects; standardhavebeen clustered at theneighborhood (NTA) level; we additionally
report robust bias-corrected confidence intervals.
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Table C.4: Effect at cut-off on rental prices - 1920-1926 - alternative boundary

linear quadratic
b̂ b̂ b̂/2 b̂ ∗ 2 b̂ b̂ b̂/2 b̂ ∗ 2

βrdd 0.108*** 0.066 0.010 0.097*** 0.118** 0.085* 0.045 0.118***
(0.032) (0.036) (0.055) (0.026) (0.040) (0.040) (0.047) (0.029)

Controls ✗ ✓ ✓ ✓ ✗ ✓ ✓ ✓

Year FE ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

NTA FE ✓ ✓ ✓ ✓ ✓ ✓ ✓ ✓

BWS 1.019 0.601 0.301 1.202 1.720 1.461 0.730 2.921
Obs. 12612 12192 12192 12192 12612 12192 12192 12192
R2 0.136 0.307 0.321 0.298 0.134 0.293 0.307 0.276
CIlrb 0.047 -0.018 -0.196 -0.007 0.038 -0.006 -0.146 0.034
CIurb 0.190 0.141 0.196 0.164 0.218 0.177 0.164 0.192
Note. Table C.4 reports regression results for ask rents; the data had been subsetted for the rent
control period Apr 1921- Nov 1926; the running variable is the distance from a property to the
treatment boundary as shown in Figure A.2. Columns 1–4 gives RD estimates using a linear spec-
ification. In column (1)-(2) the sample had been restricted to a bandwidth of b̂, determined by
the Imbens and Kalyanaraman (2012) algorithm. Columns 5–8 are alternative RD specifications
using half,b̂/2, and double, b̂ ∗ 2, the optimal bandwidth. Columns 5–8 give RD estimates using a
quadratic specification; controls include the distance to the coastal line and the nearest park, the
total room, andasetofdummies indicating if thepropertywas furnished, hadwater andelectricity
included, andadummy if itwas aflat or ahouse. All specifications include year andneighborhood
(NTA) fixed effects; standard errors in parenthesis have been clustered at the neighborhood (NTA)
level; we additionally report robust bias-corrected confidence intervals. ***, **, * indicate signifi-
cance at the 1 per cent, 5 per cent and 10 per cent level respectively.
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C.3 RDD estimates for Alternative bandwidth choices
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Figure C.1: Alternative bandwidth - Effect at cut off on rental price

(a) Republican onlyMCD 1918-1920 (b) Republican onlyMCD - 1921-1926

(c) Republican only MCD - Manhattan - 1918-
1920

(d) Republican only MCD - Manhattan - 1921-
1926

(e) Majority RepublicanMCD - 1918-1920 (f) Majority RepublicanMCD - 1921-1926

Note. Figure C.1 shows RD estimates from estimating Equation 1 for different bandwidth choices
using the full et of property level controls, year and neighborhood fixed effects; Equation 1 is esti-
mated using a triangular kernel with a linear fit; the outcome variable is the logarithmof rents. We
start with a Bandwidth of 100m and extend by 100m until 1km; we report results for a sample of
the pre rent control period (1918-1920) and during rent control (1921-1926). Panel C.1a and C.1b
use the distance to the boundary between Republican and Democrat only MCDs; Panel C.1c and
C.1d subset the sample for Manhattan only; Panel C.1e and C.1f use the distance to the boundary
betweenmajority an non-majority RepublicanMCDs. Standard errors are clustered at the neigh-
borhood level; vertical bars indicate 95% confidence intervals. We use a triangular kernel with a
linear fit.
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C.4 Event study results

Figure C.2: Effect of Continuous Treatments

Note. Figure C.2 reports point estimates for βτ in Equation 2 using the full set of property level
controls, yearandneighborhoodfixedeffects. Yeardummiesare interactedwithadummyequal to
one if (1) the share of Republican judges inMCDuwas larger than50%, or (2) theMCDuwas either
controlled by republican judges only or not at all - thereby excluding all mixed districts. Standard
errors are clustered at the neighborhood (NTA) level. The shaded area shows the estimated 95%
confidence bands and the orange line plots the aggregated average from the simple interaction
between treatment Tt,u and an indicator variable 1(t > 1920).
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