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Abstract 

This study addresses the question of whether inclusionary zoning impacts disadvantaged 
neighborhoods by serving as a signal for an up-and-coming neighborhood, thereby triggering 
gentrification. We attempt to answer this question by analyzing data from two cities, New York 
City and Paris, respectively—two superstar cities where gentrification has spread beyond the 
ripest neighborhoods for development. Overall, although inclusionary zoning does appear to 
encourage new development, it does not appear to be a Trojan horse that, in the guise of bringing 
in affordable housing, also serves as a catalyst for rising housing prices and rents, thereby 
spurring gentrification. 

We contrast subjects exposed to the policy intervention with subjects that were not, both before 
and after the policy has been implemented. The assumption underlying our Difference-in-
Differences (DiD) approach is that whatever the trend in the relationship in the outcomes of 
interest between the treatment and control groups, if the policy intervention has no impact on the 
outcomes of interest, that trend should continue. To the extent the relationship in the trends 
changes contemporaneously with the policy intervention, we can make credible causal claims 
about the policy intervention’s impact on the outcomes of interest. 

In both New York City and Paris, we found evidence that the incentives offered by inclusionary 
zoning programs impacted new development in both cities, with new development in 
inclusionary zones outpacing development in the comparison areas. We found no strong 
evidence in either New York City or Paris that the adoption of inclusionary zoning had led to 
increases in the price of homes sold in the inclusionary zones themselves. Instead, in Paris, sales 
prices actually increased more slowly in the inclusionary zones. In New York City, we did not 
see any strong evidence that rent levels in inclusionary zones had accelerated after the adoption 
of inclusionary zones. In Paris, there was some evidence that rents rose more quickly in 
inclusionary zones. 

A key takeaway from our analyses is that, despite New York and Paris being very different 
cities, with the former much more market-driven, and the latter more beholden to centralized 
state planning, their inclusionary zoning programs performed similarly in terms of incentivizing 
new development. In both cities, policymakers were able to thread the proverbial needle and 
require developers to provide affordable housing, while refraining from being so onerous as to 
discourage any development at all. The impact on housing costs were mixed, with New York 
witnessing no discernible change in housing costs in inclusionary zones, while Paris saw declines 
in sales prices but increases in rents. Our results, which will be strengthened by further research, 
show that inclusionary zoning—even when implemented in more disadvantaged 
neighborhoods—can be evaluated on its own merits as a tool that can produce affordable 
housing, without necessarily serving as a catalyst for gentrification. 
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Executive Summary 

 

This study addresses the question of whether inclusionary zoning impacts disadvantaged 
neighborhoods by serving as a signal for an up-and-coming neighborhood, thereby triggering 
gentrification. We attempt to answer this question by analyzing data from two cities, New York 
City and Paris, respectively. Overall, although inclusionary zoning does appear to encourage new 
development, it does not appear to be a Trojan horse that, in the guise of bringing in affordable 
housing, also serves as a catalyst for rising housing prices and rents, thereby spurring 
gentrification. 

Inclusionary zoning was originally conceived of as a tool for bringing affordable housing to 
places where such housing was rarely built. Developers were to be incentivized to include 
affordable units in their developments by being allowed to build at higher densities. Typically, 
such housing was built in high-income and suburban communities, where most stable 
development takes place. In New York City and Paris—two superstar cities where gentrification 
has spread beyond the ripest neighborhoods for development—policymakers began to see 
inclusionary zoning as a tool that could bring affordable housing to more marginalized 
neighborhoods too.  

The neighborhoods addressed were ones that in the past had experienced disinvestment and had 
witnessed little in the way of new development in recent years. It is in this context that fears of 
inclusionary zoning as a Trojan horse would not only bring market-rate housing and affordable 
units to the area but would also signal to would-be investors and other home-seekers that the 
neighborhood was on the upswing, a place ripe for new investment. These signals would change 
the housing market, such that prices and rents would eventually push long-term residents out. 
These fears have crystallized into opposition by local residents to inclusionary zones in both 
New York City and Paris. This opposition has often been centered in low-income and 
marginalized communities in both cities.  

Concerns about inclusionary zoning triggering gentrification in marginalized neighborhoods 
have forced policymakers to ensure that the affordable housing included in proposed 
developments are a substantial component of the units. Increasing the size of the affordable 
component, however, acts at cross-purposes to the developers’ desire to earn a profit, which 
comes primarily from market-rate units.  

The perception of inclusionary zoning as a Trojan horse for gentrification thus threatens to 
undermine its use as a tool for developing affordable housing in many neighborhoods. 
Communities might halt such development altogether, or developers—skeptical of their ability to 
earn a profit when having to meet onerous affordable-housing requirements—might simply 
refuse to build in these neighborhoods. At a time when resources for affordable housing are 
scarce, that is potentially a major problem. The fact that this scenario has materialized in both 
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New York City, where Anglo-American style neoliberalism is the major force in housing 
markets, and Paris, where the government plays a much larger role in shaping local housing 
markets, underscores the pervasiveness of the Trojan horse sentiment.  

We set out to test the veracity of this view of inclusionary zoning as a Trojan horse for 
gentrification in Paris and New York City. In New York, we gathered housing-market data for 
areas rezoned under the metro-wide mandatory inclusionary zoning program that was adopted in 
2016. In Paris, we gathered data from the TVA ANRU mandatory inclusionary zoning program 
applied to Grand Paris Express neighborhoods adjacent to future transit stops in the metro area 
that are also lower income urban renewal neighborhoods. This program was strengthened in 
2016 with tax abatement in exchange for new affordable housing development. For each city, we 
also collected housing market data for areas adjacent to the inclusionary zones to serve as a 
control. We employed a classic Difference-in-Differences (DiD) analytical approach, whereby 
we contrasted housing market trends in the inclusionary zones with those in adjacent control 
areas. The assumption underlying the DiD approach is that, regardless of the relationship trend in 
the housing market between inclusionary zones and control areas, if the policy intervention has 
no impact on the outcomes of interest, then that trend should continue. To the extent the 
relationship in the trends changes contemporaneously with the adoption of inclusionary zoning, 
we can make credible causal claims about inclusionary zoning’s impact on the neighborhood 
housing markets. 

Our key findings include: 

● In both New York City and Paris, we found evidence that the incentives offered by 
inclusionary zoning programs impacted new development in both cities, with new 
development in inclusionary zones outpacing development in the comparison areas.  

● We found no evidence in either New York City or Paris that the adoption of inclusionary 
zoning had led to increases in the price of homes sold in the inclusionary zones 
themselves. Instead, in Paris, sales prices actually increased more slowly in the 
inclusionary zones. 

● In New York City, we did not see any evidence that rent levels in inclusionary zones had 
accelerated after the adoption of inclusionary zones. 

● In Paris, there was some evidence that rents rose more quickly in inclusionary zones. 

We have also taken advantage of our analyses of New York and Paris to gain additional insights 
by looking at these two cities comparatively. A key takeaway from our analyses is that, despite 
New York and Paris being very different cities, with the former much more market-driven, and 
the latter more beholden to centralized state planning, their inclusionary zoning programs 
performed similarly in terms of incentivizing new development. In both cities, policymakers 
were able to thread the proverbial needle and require developers to provide affordable housing, 
while refraining from being so onerous as to discourage any development at all. The impact on 
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housing costs were mixed, with New York witnessing no discernible change in housing costs in 
inclusionary zones, while Paris saw declines in sales prices but increases in rents. 

In many ways, then, the adoption of inclusionary zoning was a success in both cities. They 
witnessed increases in new development in inclusionary zones, as would be necessary for any 
additional affordable housing to be built as part of new developments. Moreover, the new 
developments did not appear to trigger across-the-board increases in housing prices within the 
increase in the results. This finding should alleviate some of the Trojan horse fears associated 
with inclusionary zoning.  

We must add an important caveat to our findings. Our empirical analysis concluded during the 
first quarter of 2020, coinciding with the onset of the greatest pandemic in at least a century. 
Housing markets in both New York and Paris were totally upended by the fallout. Whether 
pandemic-induced changes in city living, and consequently, real estate markets, are short or long 
term remains uncertain. Of course, this uncertainty also means the way inclusionary zoning 
programs may continue to affect housing markets, or not, is likewise unclear. However, if and 
when things return to the pre-pandemic past, inclusionary zoning—even when implemented in 
more disadvantaged neighborhoods—can be evaluated on its own merits as a tool that can 
produce affordable housing, without necessarily serving as a catalyst for gentrification. 

 

 

 
 

 
  



 

6 

Table of Contents 
 
 
Introduction ..................................................................................................................................... 7 

Background ..................................................................................................................................... 8 

Conceptual Framework and Main Hypotheses to be Tested ........................................................ 16 

Comparative Framework .......................................................................................................... 17 
Analytical Approach ................................................................................................................. 18 

New York City Methodology ....................................................................................................... 26 

Model Specification .................................................................................................................. 27 
New York City Analysis ........................................................................................................... 30 
Difference-in-Differences Results ............................................................................................ 32 
Paris Analysis............................................................................................................................ 40 
Rental Income ........................................................................................................................... 53 

Discussion ..................................................................................................................................... 58 

Conclusion .................................................................................................................................... 61 

References ..................................................................................................................................... 62 

 
 



 

7 

Inclusionary Zoning in New York and Paris: 
Trojan Horse or Antidote to Gentrification? 

 
 

Introduction 
 
This report considers how inclusionary zoning (IZ) impacts neighborhood housing markets. We 
consider this question in the context of New York City and Paris, which have both adopted 
ambitious inclusionary zoning programs within the past decade. Our focus is on the extent to 
which inclusionary zoning impacts the dynamics of the surrounding local housing market; that is, 
how inclusionary zoning affects rent levels, sales prices, and new construction in neighborhoods 
zoned for IZ.  
 
Our motivation for studying how IZ impacts the dynamics of the surrounding local housing 
market is the increasing skepticism of many housing activists, and some politicians, towards 
inclusionary zoning as a tool for fighting the affordable housing crisis in lower-income 
neighborhoods. Rather than being welcomed as an antidote to gentrification in overheated 
housing markets, these skeptics view inclusionary zoning warily, as a Trojan horse through 
which market-rate housing will be developed, drawing affluent households and upscale amenities 
to the neighborhood. All of which will serve to push out existing residents and businesses. In this 
paper, we shed light on the extent to which these fears are founded. We chose New York City 
and Paris, because both cities are at the vanguard of IZ adoption in their respective countries. 
 
In the wake of the COVID-19 pandemic, some of the fears that motivated this research (e.g., 
increasing gentrification) have receded to the background of housing concerns, as households, 
landlords, and cities grapple with the ongoing public health crisis. Households may have lost 
employment and/or income due to COVID-19-related lockdowns or other strictures, landlords 
may be witnessing a precipitous decline in rental revenues, and governments may continue to 
struggle to find ways to meet the needs of their constituents while battling the pandemic. 
Certainly, fears of gentrification-induced displacement and resistance to luxury housing 
development are on hiatus. 
 
Whether the pandemic-related trends that have dampened the housing affordability crisis will 
recede rapidly once the pandemic abates remains to be seen. Some speculate that the pandemic 
has revealed the viability of new ways of working, as working-from-home becomes a much more 
common arrangement. Such a shift in work-living patterns might make cities, or at least their 
core business districts, less important as centers of commerce. This change could translate into 
less demand for central city living and a corresponding decline in housing prices, perhaps 
obviating, or at least diminishing, the need for inclusionary zoning.  
 
More likely, at least in the long run, is that cities will resume their place as centers of commerce, 
culture, and civic activity. If our prognosis is correct, people will eventually return to cities, and 
the crisis of affordability will re-emerge, necessitating the use of tools like IZ to blunt the fallout 
from rising housing prices.  
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Background 
 
Inclusionary zoning typically entails developers including affordable housing in their 
development in exchange for being allowed to build at higher densities. Higher densities allow 
for greater profits, and this surfeit of profits is often used to offset the costs of affordable 
housing. IZ thus has great appeal to policy makers because it has the potential to generate funds 
for affordable housing without relying on government largesse. This appeal seems to transcend 
contextual differences between an American and a French way of creating more affordable 
housing, historically viewing France as a top-down interventionist regime that takes a more 
active role in housing and development issues, versus the United States as a laissez-faire urban 
regime more likely to rely on the private sector. The inclusionary zoning narrative is that its 
appeal to policy makers on both sides of the Atlantic underlines a recent convergence of 
approaches in terms of public-private partnerships for affordable housing provision. 

 
New York City and Paris are two cities enamored with the appeal of IZ. Both cities have faced 
tremendous challenges with housing affordability. For example, in New York, prior to the 
pandemic, some 30% of renters were paying more than 50% of their household income for rent 
(New York University Furman Center 2018). Paris has long faced a similar affordability crisis 
(Kemp 2007), which, for the economist Xavier Timbeau (OFCE), poses the threat of societal 
fracture and heightened segregation trends (Timbeau 2019). Households are being forced to 
reduce their consumption of other necessities, such as healthcare, food, and education, to be able 
to afford housing. Other households double up with family and friends, creating overcrowded 
and unstable housing conditions (Curtis 2011). Moreover, a lack of affordable housing can lead 
to other problems, such as poor health outcomes and lower educational attainment (Freeman 
2009). In addition, the housing affordability crisis is most evident in some of the most 
economically productive urban centers and thus may be contributing to growing regional 
inequality. It is in some of the most economically dynamic cities, like New York or Paris, where 
housing costs have increased the most. In France, housing prices have been climbing since 2010, 
generating worries about a “French housing bubble” (Cusin 2013). In Paris, prices have almost 
quadrupled since 1997 (Timbeau, 2019). Within Paris city limits, prices for apartments reached a 
peak in early 2020 of €10,187 per m², up 5.7% since 2019 (FNAIM 2020).  

  
Rising housing prices have flipped on its head the traditional role cities have played in fostering 
economic opportunity. Instead of being beacons of upward mobility, as they were through much 
of the 19th and 20th centuries, many low- and moderate-income households are avoiding and 
leaving the most productive cities, because housing is too expensive there (Hsieh and Moretti 
2019). The high cost of housing is thus not merely a problem for the poor; society as a whole is 
worse off because housing in the most dynamic regions is unaffordable. The housing 
affordability problem seems particularly intractable, as the reigning ideology on both sides of the 
Atlantic has been neoliberalism, and more recently, austerity. Both ideologies tilt governments 
away from large-scale spending on welfare state programs, like affordable housing (Béhar et al. 
2018). There has been a resurgence in state spending in the wake of the pandemic. But this trend 
has yet to translate into the production of affordable housing. 
 
Motivated by the increasing visibility of the housing affordability crisis, policy makers in both 
the US and France have been spurred to act. With large-scale central-government-funded 
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affordable housing falling out of favor at the end of the 20th century, policy makers have 
attempted to develop new tools to address the affordability crisis. One of those tools is 
inclusionary zoning.  

 
Inclusionary zoning typically entails developers paying for affordable housing in exchange for 
being allowed to build at higher densities and earning more profits than they otherwise would. IZ 
thus leverages private investment to finance the development of affordable housing. In effect, the 
increased profitability enabled by higher allowable densities pays for the affordable housing. IZ 
can either be mandatory or voluntary. In the case of the former, jurisdictions allow developers to 
opt out of such requirements by paying a fee or some other agreed-upon compensation. 
 
Among the cities with the most expensive housing in their respective countries, both New York 
and Paris have adopted IZ. New York City, under Mayor Bill de Blasio, developed the 
Mandatory Inclusionary Housing (MIH) program. The “mandatory” nature of this program, in 
comparison to the voluntary inclusionary zoning program that had existed for several decades in 
New York, signaled de Blasio’s seriousness towards tackling the housing affordability problem. 
In reality, the term mandatory is something of a misnomer. All IZ programs are voluntary, in the 
sense that if the inclusionary component is too onerous, developers will simply choose not to 
build. Cognizant of this possible constraint, New York designed the MIH program with 
developers’ profitability in mind. Indeed, developers were given a seat at the table when the 
parameters of the MIH program were being hammered out.   
 
Broadly speaking, the MIH program allows for increased residential density in exchange for the 
development of affordable housing. For affordable housing funded without government 
subsidies, the allowable density bonus is larger. It was anticipated, however, that most 
developers in MIH zones would also avail themselves of other subsidies, notably property tax 
reductions through what is known as the 421a program and/or subsidies available through the 
Low-Income Housing Tax Credit. Thus, the MIH program has continued the late 20th century 
trend of newly built affordable housing being financed indirectly through tax expenditures.  
Without these tax expenditures, new development that provided affordable housing would not 
have been feasible. 
 
The MIH program is not being implemented across the entire city at once. Rather, MIH zoning is 
being employed under two scenarios. The first is when private developers apply for a 
“significant” rezoning that increases the density of land use. These typically are small-scale and 
involve only a single parcel, or at most a city block. The second scenario under which MIH is 
adopted is when the city itself initiates a neighborhood-level rezoning that involves increased 
density. Notably, the first wave of MIH zones was concentrated in lower income neighborhoods 
away from the city center.  
 
In the greater Paris metro region, the IZ zones considered in this study represent 37% of Grand 
Paris Express neighborhoods, which intersect with urban renewal Quartiers prioritaires de la 
Politique de la Ville [QPV] districts that offer tax incentives to encourage more housing 
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construction. Therefore, the policy program we examined was the combined TVA ANRU1 tax 
abatement program and the construction spur targeting neighborhoods in the vicinity of future 
stops for the Grand Paris Express subway extension (APUR 2018).2  
 
IZ targeting specific neighborhoods and areas within municipalities has been increasingly 
implemented in Paris, and more systematically so since 2016. Land-use policy and regulation, 
traditionally under the purview of the central government in France, have likewise been devolved 
to the metropolitan and local level since the new Grand Paris metropolitan governance entity’s 
inauguration. In this way, the land-use regulation system in Paris is becoming more similar to 
New York’s and to other American cities, where land use and zoning are governed 
predominantly by local diktat, and where the private sector is playing a more important role. Yet, 
at the same time, the Paris model is distinct, in that, locally, multiple levels of government 
enforce a shared metropolitan strategy that relies on a balance of a strong focus on social 
housing, harnessing publicly owned land, new financial and regulatory incentives, and the 
enforcement of municipal policy by higher level governments, which seem to spur new 
development (Freemark 2019). 
 
TVA ANRU Tax Abatement Program  
 
The national government has invested in a massive campaign called TVA ANRU in order to 
desegregate suburban high-rise social housing complexes, located primarily in France’s suburban 
historically disinvested neighborhoods, the banlieues. Policymakers refer to these neighborhoods 
as QPV districts, perimeters which were used to implement the TVA ANRU program. It offers 
tax incentives to a neighborhood district and an extra radius of 300 meters [with a TVA tax rate 
lowered from 20% to 5.5%] to build housing units for prospective low-income homeowners, 
with a 30% abatement for social housing developers of HLM (Habitat à Loyer Modéré, or social 
housing units) buildings. The Paris IZ program implemented since 2006—and modified in 2016 
through the increase of perimeters and numbers of neighborhoods targeted—is in many ways 
similar to the MIH program.3 It is mandatory, based on a tax abatement scheme, and limited to 

 
1 TVA ANRU: “Taxe sur la Valeur Ajoutée en zone gérée par l’Agence Nationale pour la Rénovation 
Urbaine”, an acronym that refers to “urban renewal” neighborhood perimeters where private residential 
development has to build a mandatory quota of affordable housing units in exchange for tax abatement. 
2 The main reference for recently implemented IZ tools is the APUR report published in 2018, for the 
Grand Paris housing plan, known as the preliminary study for the establishment of a Metropolitan 
Housing and Accommodation Plan (PMHH). It includes descriptive statistics on housing-construction 
trends in Grand Paris prior to and since 2016. It lists the various regulatory tools in place, such as the mix 
of tools before Grand Paris, and the newly implemented zoning requirements since 2016. Since February 
2017, the Métropole du Grand Paris has started developing a PMHH, as provided for in the NOTRe law. 
This study, centered on the housing stock of GPE transit station neighborhoods, which all together total 
133 km2, contributes to improving knowledge of the metropolis at the time when it prepared a 
preliminary study, prior to launching votes for a metropolitan housing plan (PMHH). 
3 The programming law for the city and urban cohesion, dated February 21, 2014, changed the priority 
geography of city policy, which now includes 1,500 priority neighborhoods (QPV), including 275 in Ile-
de-France and 163 in the Grand Paris metropolitan area. Initially, it consisted in 500 meters around PNRU 
neighborhoods, which became 300 meters since 2014. In 2015, this program was extended to all QPV 
neighborhoods. Said extension of the tax abatement program to the 272 new priority urban areas in Ile-de-
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select areas, as opposed to metropolitan-wide implementation. It is applied to select areas that 
agree to include the requirement in their local zoning code - or PLU, for Plan Local d'Urbanisme. 
The size of these municipalities is comparable to the size of the neighborhoods that undertook 
neighborhood-level rezonings, with MIH requirements. At the same time, and similar to the 
MIH, it gets juxtaposed on existing layers of IZ programs, such as the SRU Law (Loi Solidarité 
et Renouvellement Urbain, France’s largest, national, mandatory, inclusionary zoning program), 
which is metro-wide, in place since 2000, and tries to rebalance housing construction efforts by 
imposing mandatory social-housing quotas on municipalities (Maaoui 2021b, Freemark 2021).4 
These have been in place much longer, as was the case with voluntary IZ programs set up before 
the de Blasio administration. Private developers have mostly invested in these TVA ANRU “tax 
abatement zones”, designed to increase social mix, in weak market districts that hitherto they had 
not necessarily considered for construction investment (Maaoui 2021a). 

 
Construction Spur Targeting GPE Neighborhoods 
 
The Société du Grand Paris (SGP) is a public transportation entity which was created by the 
French government in 2010. It is responsible for the design and construction of the Grand Paris 
Express, a new, automated, metro network connecting the municipalities of the greater Paris 
metropolitan region by extending certain existing subway lines (11 and 14) and creating new 
ones (lines 15, 16, 17 and 18) by 2030. SGP operates in partnership with numerous institutional 
and socio-economic actors, in particular, mayors, and remains under government supervision to 
carry out the Grand Paris Express (205 km of rails), as well as to build 72 new interconnected 
stations and to develop numerous station districts.5 Forty-three GPE neighborhoods intersect 
with QPV TVA ANRU districts. Therefore, they make up our areas of study.6  
 
Although the aim of IZ is to incentivize the development of affordable housing, as we show 
below, recent incarnations of IZ in New York and Paris have proved controversial. Conventional 
economic theory posits that increasing the supply of housing through inclusionary zoning, as 
described above, will, in most circumstances, increase affordability (Been, Ellen, and O’Regan 
2019). Affordable units developed as part of IZ directly benefit the households moving into these 
units. Moreover, the increase in the number of units, at both market rates and affordable, built at 

 
France for urban policy (QPV), successors to sensitive urban areas (ZUS), resulted, with its maintenance 
in parallel to the PNRUs, in a significant increase in the area covered by the system: 395 km2 for Île-de-
France (49% in the inner suburbs, including almost half the territory of Seine-Saint-Denis), compared to 
327 km2 at the end of 2013. This program is stabilized between 2015 [Loi finances] and 2017, making 
2016 a turning point by consensus.  
4 Loi Duflot de mobilisation foncière 18 janvier 2013 – It closes loopholes in SRU law by imposing the 
following requirements on housing production: 30% of units for very low-income households, and no 
more than 30% for intermediary/ middle-income households. 
5 Territory included within a radius of 800 meters around the location of each future station, which 
corresponds approximately to 10 minutes on foot. 
6 Fifty-four municipalities with a GPE neighborhood have reached or surpassed the 25% social housing 
quota, while 27 municipalities with a GPE neighborhood have not reached that quota (among these 27, 15 
had between 20% and 25% SRU social housing units on January 1, 2016; 12 had 15%-20%; 10 had less 
than 15%). 
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higher densities, should increase the total supply of housing and lower prices (either absolutely 
or relatively). 
 
But not all observers subscribe to the neoclassical view of housing markets. Indeed, only 10 of 
New York City’s 59 Community Boards voted in favor of the MIH program (Law 2018). In 
Paris, decision makers and researchers both view the TVA ANRU program as a policy that could 
be harmful for the neighborhoods it targets, the majority of which are more disinvested and 
segregated than the rest of the metropolitan area (Delplanque and Guigou 2014, Trouillard and 
Merlin 2017). Particularly in the context of low-income and marginalized neighborhoods, 
affordable housing advocates have turned conventional arguments in favor of inclusionary 
housing on its head, positing that new development, even if it includes affordable housing, 
increase the attractiveness of the neighborhood, bringing in more affluent residents who will 
displace long-term residents from the inclusionary zones. In New York, opponents of 
neighborhood-level rezonings contend that new development, even if it includes affordable 
housing, will trigger gentrification and displacement within the inclusionary zones. As one critic 
wrote: “…thousands of new luxury units with high rents will signal to other landlords that they 
can increase residential and commercial rents, resulting in the displacement of long-term low-
income tenants and small local businesses” (Roberts 2015). A recent study of upzoning in 
Chicago is in some ways consistent with these arguments. Neighborhoods around Chicago transit 
stops were upzoned in the 2010s. The study found sales prices did increase more quickly within 
the upzoned area than in adjacent areas after the upzoning. This study, however, focused on all 
upzonings, not strictly inclusionary zoning. The study also focused on sales; thus, it is unclear if 
rents also increased (Freemark 2019).  
 
Similar criticisms have been levelled at inclusionary programs in the greater Paris metro region. 
There, the main point of criticism thus far has been the selection of priority neighborhoods and 
projects not efficiently correcting territorial inequalities, and that it mainly serves the purpose of 
densifying and gentrifying neighborhoods located in the direct vicinity of the Grand Paris 
Express extended public transit network.  
 
According to skeptics, new development, retail, and services that such housing might attract are 
amenities that make these lower-income neighborhoods more attractive and increase housing 
prices (both sales and rents). With rising rents, tenants may find themselves unable to afford their 
apartments when their lease is up for renewal. Adult children living with parents who wish to 
move on their own may find it difficult to find nearby housing that they can afford. Stores that 
catered to a relatively low-income population might be supplanted by more upscale stores that 
market to the new affluent residents. Taken together, these forces combine to “push out” long-
term low-income residents. In the case of the Paris neighborhoods studied, where 60% of 
residents rent their homes (APUR 2019), research on a sample of the rental market even 
considers the probability of a “station neighborhood effect” relative to the increase in rents 
triggered by locally implemented programs, and the construction it triggers (OLAP in APUR 
2019).  
 
This unconventional view of the impacts of new development, what Been et al. call “supply 
skepticism” (2019), is gaining traction. Hankinson (2018) finds that renters in expensive housing 
markets often oppose new development and exhibit NIMBY attitudes similar to those held by 
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homeowners. Consequently, proponents of developing more housing as a way of addressing the 
affordability crisis in lower income neighborhoods face an additional obstacle, on top of the 
numerous obstacles already being faced, including a lack of funding and NIMBYISM in affluent 
and middle-class neighborhoods. 
 
The veracity of the supply skeptics’ thesis is questionable. To date, much of the research on IZ in 
the US has not focused on whether housing prices rise in the immediate neighborhoods. Instead, 
the primary focus has been on whether the stated objective of increasing the number of 
affordable units has been achieved. In what is perhaps the most systematic attempt to measure 
the achievements of IZ, Emily Thaden and Ruoniu Wang (2017) surveyed the administrators of 
inclusionary zoning in 180 jurisdictions across the United States. When combined with 
secondary data from Massachusetts and New Jersey, their study had gathered data on 791 
jurisdictions in total. According to said data, IZ programs produced at least 170,000 units and 
collected $1.7 billion in impact or in-lieu fees for affordable housing. To put this number in some 
context, over a period of approximately 50 years, the Public Housing Program produced roughly 
1.5 million units, and the Low-Income Housing Tax Credit program, since its inception in 1986, 
has produced around 3.2 million units.  
 
Research conducted by Thaden and Wang (2017) shows IZ programs have had some success in 
producing affordable units. Other studies have focused on IZ’s impact on the production of 
housing more broadly and have reached conflicting conclusions. These studies test the 
hypothesis that the additional regulatory burden and concomitant costs associated with IZ will 
serve to discourage new development. Powell and Stringham (Powell and Stringham 2004) find 
substantially less housing built in jurisdictions in the San Francisco area with IZ. More recent 
studies find either a small impact on the amount of housing built or no impact at all (Schuetz, 
Meltzer, and Been, 2009; Vinit et al., 2010). Studies on inclusionary zoning in Grand Paris have 
also tended to focus on the amount of affordable housing built. Hence, 25% of new housing units 
sold by private developers between 2006 and 2016 was thanks to the first version of the TVA 
ANRU tax abatement component (Paris IZ program)7. This percentage represented 
approximately 660 housing development projects, and 36,000 new units (Trouillard 2014, 
Trouillard and Merlin 2017, APUR 2019). As a reminder, 56% of TVA ANRU zones are located 
in the Grand Paris inner ring suburbs, while the other 41% are in its outer ring suburbs. In 2012, 
researchers approximated that the number of units built thanks to the TVA ANRU program was 
about 19,400 (Institut Paris Région 2011). Put together, the 329 km2 targeted by the program are 
the geographic equivalent of the Val-de-Marne department. At the regional level, the mechanism 
played a counter-cyclical role during the real estate crisis of 2008-2010 by opening up new 
construction markets in lower-income neighborhoods (Delplanque & Guigou 2015). 

 
The debate over the impact of IZ on the supply of housing, while important, does not directly 
address the concerns of supply skeptics. As Rick Jacobus (2015) points out, IZ is most suitable 
for “hot” market areas where housing is being developed and prices are high and rising. Markets 
where little housing is being built, and prices are low, are less likely to have an affordability 
problem in the first place; and to the extent households struggle to pay for housing, the problem 
is due to low incomes in these scenarios. Moreover, market-rate or luxury housing, of the type 

 
7 As a reminder, this study focuses on the newer, reinforced TVA ANRU program, which targets wider 
perimeters in selected neighborhoods, and was implemented in 2016. 
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that can support IZ, would typically not attract buyers or tenants in low-end neighborhoods 
where amenities are few. Finally, residents of middle- and upper-class neighborhoods, of the 
type typically targeted by IZ, seldom fear rising housing prices, as prices are already relatively 
high there (see above) and homeowners at least stand to benefit from rising prices.  
 
Supply skeptics’ fears tend to materialize in neighborhoods that have typically not been the site 
of new market-rate housing: low-income neighborhoods with relatively affordable housing. Yet, 
as gentrification has continued to spread across neighborhoods in superstar cities like New York 
and Paris, neighborhoods once overlooked by developers are now seen as ripe for development. 
In the greater Paris metro region, researchers and decision makers have pointed to the threat of a 
combined TVA ANRU program and construction spur targeting Grand Paris Express 
neighborhoods adjacent to future transit stops that are also lower income urban renewal 
neighborhoods. That would only reinforce the trend towards the opening of northeastern lower 
income suburbs to private promoters, resulting in a rebalancing of residential private 
development as a whole in the inner suburbs, when private development was previously 
concentrated mainly in the western, wealthier Hauts-de-Seine suburbs (Trouillard, 2014).8 
Although results were still preliminary, a recent study showed that neither the level of wealth of 
a municipality, nor its proximity to the center, considered alone, ultimately prove to be good 
predictors of the TVA ANRU program’s effectiveness (Trouillard and Merlin 2017). 
Such lower income urban renewal neighborhoods have had relatively affordable housing 
occupied by low- and moderate-income households: new development incentivized through 
inclusionary zoning to spur new construction and trigger social mix represents a sharp break with 
the recent past.    
 
Extant research on IZ does not shed much light on the specific scenario of a low-income 
neighborhood on the cusp of gentrification—the scenario under which supply skepticism is most 
likely to emerge. There is some research that has studied a somewhat similar situation. For 
example, when the City of New York rehabilitated abandoned buildings, converting units into 
affordable housing, housing prices in surrounding areas increased (Schwartz et al. 2006). In this 
instance, however, a disamenity—abandoned buildings—was being replaced by new housing. 
Thus, the results may not be applicable to other low-income neighborhoods without abandoned 
buildings. Early on, as soon as the Grand Paris Express route was announced in 2013, risks of 
real estate speculation were monitored by the Société du Grand Paris and the Ile-de-France 
Regional Land Observatory (ORF) to study price trends of new and old housing in Grand Paris 
Express neighborhoods adjacent to future transit stops (APUR 2019, Coulondre 2020).9  

 
Foregrounding this debate is the extent to which IZ successfully entices developers to build 
housing at all (Freeman and Schuetz 2017). For inclusionary housing to have any impact, 

 
8 The Grand Paris metropolitan region is characterized by more recent construction taking place rather in 
the peripheries, for instance as part of large-scale 2024 Olympics development projects, and an imbalance 
of housing construction efforts and budget resources between the West, which is wealthier, and the East, 
which is more disinvested. 
9 Preliminary results have shown a limited effect of Grand Paris Express transit stop extension on housing 
prices so far, marked more by the general context of a dynamic Ile-de-France real estate market, with a 
record level of transactions recorded in 2017, in particular, and slightly higher sales price levels between 
2016 and 2017. 
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whether increasing affordability or not, new housing must be built. If the density bonus is not 
enough to offset the cost of building affordable housing, little or no additional housing will be 
built. Indeed, calibrating the appropriate level of incentives was one of the more controversial 
components of New York City’s MIH program adopted under Mayor Bill de Blasio (Warerkar 
2019).  
 
Our research thus seeks to fill the void in our understanding of IZ. More specifically, we address 
the following questions: 

1. Does IZ spur the development of new housing? 
2. How does IZ impact the surrounding neighborhood housing market? 
3. How do IZ outcomes differ between New York and Paris? 
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Conceptual Framework and Main Hypotheses to be Tested 
 
To consider how IZ might impact a neighborhood, we draw on the conception of neighborhoods 
articulated by Rothenberg et al. (1991), which describes neighborhoods as a complex bundle of 
interrelated attributes that together determine the neighborhood’s character and ultimately how 
residents and outsiders view and value the neighborhood. For instance, in the case of the greater  
Paris metro region, we followed the definition proposed by the Grand Paris Express station 
neighborhood observatory of a territory included within a radius of 800 meters around the 
location of a future station, corresponding to about 10 minutes on foot (APUR 2019). Within that 
perimeter, we identified a 300-meter perimeter corresponding to the TVA ANRU inclusionary 
zones. This focus was also confirmed by the work of Alexandre Coulondre, who identifies 
typologies of micro-markets ranging from old to intermediate and recent housing stock and 
considers the train station neighborhoods – or “Quartiers de gares” - as a good sample 
representative of major current and future trends for the greater Paris real estate market 
restructuring that both public and private actors have engaged in since the inauguration of the 
new Grand Paris metropolitan governance model in 2016 (Coulondre 2020). 
 
According to this framework, any attribute that residents of, or investors in, a neighborhood 
deem important can impact its overall character and value. Consequently, IZ has the potential to 
impact a neighborhood in several ways. First, the incentives associated with IZ lead to the 
development of additional housing in the neighborhood. The additional housing built through IZ 
will increase the supply of housing, which could impact both rent levels and sales prices. An 
increase in supply, ceteris paribus, should lead to a decrease in price levels and rents. This 
assumption would appear to be the logic that motivates IZ as an antidote to the affordable 
housing crisis in the first place (Navarro, 2015). Second, allowing for greater density in the IZ 
area changes one of the most salient attributes of a neighborhood. This change in density could 
make the neighborhood less/more desirable due to increased congestion, vibrant street life, etc. 
In the case of NYC, the neighborhoods selected for IZ were ones where little in the way of new 
market-rate development had occurred in recent years. By allowing greater density, IZ programs 
attempt to incentivize new market-rate development. In the greater Paris metro region, 
inclusionary zones making up 37% of Grand Paris Express neighborhoods adjacent to future 
transit stops intersect with lower income urban renewal neighborhoods that offer tax incentives 
to encourage more housing construction (APUR 2019). Consequently, new market-rate 
developments in NYC and Grand Paris neighborhoods, where little in the way of such 
development had occurred recently, could fundamentally alter the character of IZ neighborhoods. 
In this way, an IZ program might change one of the neighborhood’s key attributes. 
 
Housing sales prices within IZ-targeted neighborhoods are one of the outcomes of interest in our 
proposed study. We choose housing sales prices for two reasons. First, in both NYC and Grand 
Paris, much of the controversy surrounding IZ is based on concerns that prices will rise as a 
result of these programs. Second, there is a well-developed theoretical perspective, as well as 
empirical evidence, which shows neighborhood attributes that are of import are capitalized into 
the sales price of housing there (Galster, Hayes, and Johnson 2005, Palmquist 1992). 
Consequently, housing sales prices can serve as a gauge of the extent to which neighborhood 
conditions have changed due to IZ. 
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We also consider rents as another indicator of housing prices. Except during times of property 
speculation, rents and sales prices tend to move in tandem. Nonetheless, there has been little in 
the way of empirical verification of this truism. This study provides one of the few attempts to 
test the veracity of this assumption.    
 
We use a policy-evaluation framework to explore the second focus of our proposed research: 
whether the respective IZ programs have the intended impact of encouraging new development. 
NYC’s MIH program and the greater Paris metro region’s TVA ANRU program are mandatory, 
so it is certainly possible that would-be developers might find the affordable housing 
requirements in IZ areas too onerous, and even with the additional profits earned by building at a 
higher density, might demur from building.  
 
From the discussion above, we distilled the following set of specific hypotheses to test:  

1. Impact of IZ on Neighborhood Housing 
a. The MIH program in NYC increased housing prices within the MIH zones.  
b. The MIH program in NYC increased rents within the MIH zones.  
c. The IZ program in Paris increased housing prices within the IZ zones.  
d. The IZ program in Paris increased rents within the IZ zones.  

2. Impact of IZ on New Development 
a. Areas within MIH zones in NYC witnessed an increase in housing development. 
b. Areas within IZ zones in Paris witnessed an increase in housing development. 

 
Comparative Framework  
 
This research project compares the different outcomes of inclusionary zoning in New York and 
Paris. Outlined below are what we believe to be the most salient contextual differences for this 
study, and how we think these differences will shape the results of our analyses. 
 
Economic and Racial Segregation. Higher levels of both income inequality and residential 
segregation in the United States (Quillian and Lagrange 2016) imply that the introduction of 
market-rate housing through IZ in New York will likely represent a sharper break from the status 
quo, in terms of existing residential patterns in New York relative to Paris. IZ, therefore, will 
represent a greater deviation from extant conditions in New York than in Paris, and the impact of 
IZ on housing prices should be larger in New York.  
 
Parameters of IZ Programs. Under the Paris IZ program, developers receive a larger density 
bonus than developers building affordable housing under the MIH program in New York. This 
difference should entice more new development in Paris relative to New York. 
 
Dynamism of Local Housing Markets. New York’s housing market is more market-driven, with a 
smaller share of its housing being developed by the public sector. Due in part to the private 
sector’s larger role, New York’s housing market has been more dynamic in terms of rapidly 
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rising prices (a 31% increase since 2008 in New York, in contrast to only 20% in Paris); but 
Paris is characterized by more construction. In 2019, with 24,566 new units having received a 
certificate of occupancy, New York permitted the highest number of housing units since 2008—
except for a spike in 2015; permit activity increased, and while builders completed fewer units in 
2019 than in 2018, the overall permitting level was higher than in the first half of the decade 
(Furman Center 2020). In 2020, the greater Paris metro region registered 45,900 new housing 
units, in line with the Grand Paris annual construction goals announced in 2016, of 70,000 new 
units a year (DRIEA 2020).  

 
The greater dynamism of the New York housing market suggests that any changes due to IZ will 
likely be more apparent in New York than in Paris. Greater dynamism should translate into more 
rapid changes in housing prices, which are the focus of our study. 
 
The aforementioned discussion leads to a third set of hypotheses drawn from our comparative 
framework:  

a. The Paris IZ program will have a smaller impact on the supply of housing than the 
MIH program’s impact in New York.  

b. Changes in housing prices due to IZ will be greater in New York than in Paris. 
 
Analytical Approach 
 
In this section we describe our overall approach for testing the hypotheses described in the 
preceding section. When describing the city-specific results in subsequent sections, we spell out 
our methodology in more detail. 
 
Our general approach is to compare housing outcomes in neighborhoods rezoned for IZ with 
housing outcomes in adjacent neighborhoods that have not adopted IZ in New York and Paris, 
respectively.  
 
Our study utilizes data from several sources. The New York City component relies on data from 
New York City’s Open Access Data Portal, which contains information on real estate 
transactions, real property characteristics, rental revenue, and MIH spatial boundaries. The Paris 
component of our study employs data from the Fichiers Fonciers database for rental units, the 
DVF+ (Demande de Valeur Foncière) database for property values, and the Sit@del2 database 
for housing construction trends. The Paris data are analyzed at the parcel and IZ-zone level.  
 
Our analyses employ a classic Difference-in-Differences (DiD) approach, which contrasts 
subjects exposed to the policy intervention with subjects that were not, both before and after the 
policy is implemented. The assumption underlying the DiD approach is that, regardless of the 
relationship trend in the outcomes of interest between the treatment and control groups, if the 
policy intervention has no impact on the outcomes of interest, that trend should continue. To the 
extent the relationship in the trends changes contemporaneously with the policy intervention, we 
can make credible causal claims about the policy intervention’s impact on the outcomes of 
interest (Angrist and Psichke 2015).  
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Applied to our research, treatment entails implementation of inclusionary zoning. The 
“treatment” group is composed of housing units within the IZ area. The “control” group consists 
of housing within quarter-mile buffers around each IZ zone. In some instances, parcels fall 
within buffers for two IZ zones. In these cases, we assign the parcel to the buffer with the earliest 
IZ adoption (Maps 1 to 6 below).  
 
Our DiD analyses allow us to discern whether the outcomes of interest (e.g., rents) change after 
implementation of IZ. Because we observe trends in the outcomes of interest before and after IZ 
is implemented, we can confidently infer whether the trends changed after IZ was adopted. 
Because we observe trends in the outcomes of interest within the IZ area and an adjacent 
comparison area, we can confidently infer whether the trends changed only within the IZ area. 
Taken together, observing trends in the outcomes of interest using a DiD approach is one of the 
most convincing methodological approaches outside of true experiments.  
 
An example illustration can help distill the logic of the DiD approach using a picture. The blue 
line represents the trend in rent prices in the IZ area. The green line represents trends in rent 
prices in the comparison area. In this scenario an IZ program was adopted in 2015. We can see 
clearly that rents start rising more rapidly in the IZ area after the passage of the IZ program. In 
contrast, in the comparison area, rents continue to rise, but no more quickly than prior to the 
implementation of the IZ program. In a second comparison zone, rents also rise but at a rate no 
different than in the inclusionary zone. In the first comparison we can reasonably infer from 
these trends that IZ was the catalyst behind the rise in rents in the IZ area. In the second 
comparison, we would infer that the IZ program had no effect.  

 
 
 
 
 
 
 
 
 
 
 
 

Source: Authors 
 
Listed below are a series of maps that illustrate examples of the study areas in both New York 
and Paris. 
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Map 1: MIH zones within the New York metropolitan area 
 

 
Source: Authors 
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Map 2: GIS identification of an isolated MIH zone and its 0.25 buffer zone 
 

 
Source: Authors 
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Map 3: GIS identification of two overlapping MIH zones and their 0.25 buffer zones 
 

 
Source: Authors 
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Map 4: IZ zones within the Grand Paris metropolitan area  
 

 
Source: Authors 
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Map 5: GIS identification of an isolated IZ zone and its 0.25 buffer zone 
 

 
Source: Authors 
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Map 6: GIS identification of two overlapping MIH zones and their 0.25 buffer zones 
 

 
Source: Authors   
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New York City Methodology 
 
The first outcome for New York City’s MIH program is new development, putatively 
incentivized by the inclusionary zoning program. To capture the impact of IZ on new 
development, we use permits for new residential construction per quarter as the dependent 
variable. The unit of analysis is each of the 102 areas rezoned under MIH regulations and their 
corresponding buffer zones, respectively.  
 
We employ a fixed effect, where each area effectively serves as its own control, and the time 
when the permit was filed, relative to the timing of the inclusionary zone being adopted, as the 
key independent variable of interest. We measure this timing using two different approaches. 
The first simply compares whether the date the permit is filed was before or after the local 
inclusionary zone was adopted. Dates recorded before inclusionary zoning was adopted are 
coded as zero, whereas dates after it are coded as one. This scheme applies both to permits that 
were filed within the MIH zone and the corresponding buffer. In other words, buffer areas will 
also be coded 0 if the observation takes place before the local MIH was adopted, and 1 if 
afterwards. 
 
The second approach measures time, in quarters, from when a permit was filed until or after the 
MIH zone was adopted. Using this approach allows us to estimate trends in permit activity 
before and after the adoption of MIH.  
 
We apply analogous approaches for discerning the impact of MIH on our other two outcomes, 
sales prices and rents, with some modifications. For our analysis of sales prices, the unit is a 
residential sale. As we have the location and date of the sale, we can observe whether it took 
place within an MIH area or its buffer, and whether the sale occurred before or after MIH was 
adopted in that specific area. Our data also include basic characteristics of the building, such as 
age, type (e.g., single-family, condominium, etc.), and the presence of a garage, which we use as 
controls. 
 
To analyze the relationship between MIH and rents, we measure rents indirectly using the Notice 
of Property Value statements sent to all property owners in January of every year. These notices 
inform property owners of their tax liabilities, based in part on the value of their property. The 
City of New York uses a rental property owner’s reported rental income when determining the 
property’s value. Owners of rental properties are asked to report their rental income in the 
preceding June, and this report is based on rental income from the preceding year. Thus, a rental 
property owner in 2018 would report to the City of New York their 2018 rental income by June 
2019, and the City would use that data in the Notice of Property values sent to property owners 
in January 2020. The rental income the owner reported in a year (the year for which the owner 
reported the income) is the dependent variable in our analysis. We compare the last date (i.e., 
December 31) in the year for which the rental income is reported to the date when MIH was 
adopted in that specific area. We use property-level fixed effects and also control for the calendar 
year for which the rental income is reported.  
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Model Specification 
 
To illustrate our statistical approach, we describe the models to be used in equation form. Our 
modeling of permits filed per quarter for each area can be represented by a Difference-in-
Differences model of the form below: 
 

Equation 1. 
 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖𝑖𝑖 = 𝑎𝑎 + 𝛽𝛽1𝑀𝑀𝑀𝑀𝑀𝑀 + 𝛽𝛽2𝐴𝐴𝐴𝐴𝑃𝑃𝑃𝑃𝑃𝑃_𝑀𝑀𝑀𝑀𝑀𝑀 + 𝛽𝛽3𝑀𝑀𝑀𝑀𝑀𝑀 ∗ 𝐴𝐴𝐴𝐴𝑃𝑃𝑃𝑃𝑃𝑃_𝑀𝑀𝑀𝑀𝑀𝑀 + 𝛽𝛽4𝐶𝐶𝑎𝑎𝐶𝐶𝑃𝑃𝐶𝐶𝐶𝐶𝑎𝑎𝑃𝑃_𝑄𝑄𝑄𝑄𝑎𝑎𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 
 
Where: 

● Permits is the number of permits for new buildings filed in quarter i and area j.  
● MIH is an indicator variable taking on a value of 1 if the area is an MIH zone, 

and 0 if it is a buffer. 

● 𝐴𝐴𝐴𝐴𝑃𝑃𝑃𝑃𝑃𝑃_𝑀𝑀𝑀𝑀𝑀𝑀 is an indicator variable taking on a value of 0 if quarter is prior to 
the area-specific MIH zone being adopted, and 1 if the quarter is after the area-
specific MIH zone was adopted. 

● 𝑀𝑀𝑀𝑀𝑀𝑀 ∗ 𝐴𝐴𝐴𝐴𝑃𝑃𝑃𝑃𝑃𝑃_𝑀𝑀𝑀𝑀𝑀𝑀 is an interaction term between the two variables above.  

● Calendar_Quarter is an indicator variable, indicating the calendar quarter when 
the permit was filed. 

 
The MIH indicator variable allows us to discern if, relative to their respective buffer areas, more 
new permits were filed within the MIH zones. The 𝐴𝐴𝐴𝐴𝑃𝑃𝑃𝑃𝑃𝑃_𝑀𝑀𝑀𝑀𝑀𝑀 indicator variable illustrates 
whether the frequency with which permits for new buildings are filed changed after the area-
specific IZ was implemented. The interaction term, 𝑀𝑀𝑀𝑀𝑀𝑀 ∗ 𝐴𝐴𝐴𝐴𝑃𝑃𝑃𝑃𝑃𝑃_𝑀𝑀𝑀𝑀𝑀𝑀, allows us to test the 
hypothesis that IZ is spurring new development within the IZ area. A positive, substantively 
meaningful, and statistically significant value for the interaction term will support the hypothesis 
that IZ is spurring more development. The calendar-quarter variable illustrates any temporal 
trends in permit activity. 
 
The equation above can be adopted to use the number of quarters until/after IZ was adopted and 
is represented below: 
 

 Equation 2 
 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖 = 𝑎𝑎 + 𝑏𝑏𝑏𝑏 + 𝛽𝛽1𝑀𝑀𝑀𝑀𝑀𝑀 + 𝛽𝛽2𝑄𝑄𝑄𝑄𝑎𝑎𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃_𝑃𝑃𝑡𝑡_𝑀𝑀𝐼𝐼 + 𝛽𝛽3𝑀𝑀𝑀𝑀𝑀𝑀 ∗ 𝑄𝑄𝑄𝑄𝑎𝑎𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃_𝑃𝑃𝑡𝑡_𝑀𝑀𝐼𝐼 + 𝛽𝛽4𝐶𝐶𝑎𝑎𝐶𝐶𝑃𝑃𝐶𝐶𝐶𝐶𝑎𝑎𝑃𝑃_𝑄𝑄𝑄𝑄𝑎𝑎𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 
 
Where the other terms have the same meaning as before, and: 

● Quarters_to_IZ represents the number of quarters before or after the IZ was 
adopted. 

● The interaction term 𝑀𝑀𝑀𝑀𝑀𝑀 ∗ 𝑄𝑄𝑄𝑄𝑎𝑎𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃_𝑃𝑃𝑡𝑡_𝑀𝑀𝐼𝐼 allows us to discern if the trend in 
permitting changed after the adoption of IZ. If the term is positive, statistically 
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significant, and substantively meaningful, it would mean the MIH altered the 
trajectory of permitting activity in the MIH zones. 

 
We employ a similar approach for our other two outcomes, sales prices and rents, respectively. 
The indicator variables for MIH status, the variables measuring time to MIH as a continuous 
variable, and the interaction terms are all interpreted as described above. The equations for sales 
prices and rents, respectively, are listed below. 
 

Equation 3. 
 
𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 = 𝑎𝑎 + 𝑏𝑏𝑏𝑏 + 𝛽𝛽1𝑀𝑀𝑀𝑀𝑀𝑀 + 𝛽𝛽2𝐴𝐴𝐴𝐴𝑃𝑃𝑃𝑃𝑃𝑃_𝑀𝑀𝑀𝑀𝑀𝑀 + 𝛽𝛽3𝑀𝑀𝑀𝑀𝑀𝑀 ∗ 𝐴𝐴𝐴𝐴𝑃𝑃𝑃𝑃𝑃𝑃_𝑀𝑀𝑀𝑀𝑀𝑀 +
𝛽𝛽4𝐶𝐶𝑎𝑎𝐶𝐶𝑃𝑃𝐶𝐶𝐶𝐶𝑎𝑎𝑃𝑃_𝑄𝑄𝑄𝑄𝑎𝑎𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃+𝛽𝛽5𝑏𝑏𝑄𝑄𝑃𝑃𝐶𝐶𝐶𝐶𝑃𝑃𝐶𝐶𝑔𝑔𝑇𝑇𝑇𝑇𝑇𝑇𝑃𝑃 + 𝛽𝛽6𝐿𝐿𝑡𝑡𝑃𝑃𝑆𝑆𝑆𝑆𝑄𝑄𝑎𝑎𝑃𝑃𝑃𝑃𝐴𝐴𝑃𝑃 + 𝛽𝛽7𝑇𝑇+ 𝛽𝛽8𝐺𝐺𝑎𝑎𝑃𝑃𝑎𝑎𝑔𝑔𝑃𝑃+
𝛽𝛽9𝐴𝐴𝑔𝑔𝑃𝑃 
 
Where: 

● Price is the sales price of a residential unit in quarter i. 

● MIH is an indicator variable taking on a value of one if the housing unit is in a 
MIH zone, and 0 if it is a buffer. 

● 𝐴𝐴𝐴𝐴𝑃𝑃𝑃𝑃𝑃𝑃_𝑀𝑀𝑀𝑀𝑀𝑀 is an indicator variable taking on a value of 0 if sale takes place 
prior to the area-specific MIH zone being adopted, and 1 if the sale is after the 
area-specific MIH zone was adopted. 

● MIH*𝐴𝐴𝐴𝐴𝑃𝑃𝑃𝑃𝑃𝑃_𝑀𝑀𝑀𝑀𝑀𝑀  is an interaction term between the two variables above.  

● Calendar_Quarter is the quarter in which the unit was sold. 
● BuildingType indicates the various categories of residential buildings (e.g., 

single-family, two-family, apartment building, etc.). 

● LotSquarefeet is the size of the lot. 
● Total_Units is the number of units in the building. 

● Garage indicates the presence of a garage in the building. 
● Age is the building age in years 

 
We also measure the timing of MIH adoption continuously; in this case, the number of quarters 
until MIH is adopted, as illustrated below: 
 

Equation 4. 
 

𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑖𝑖 = 𝑎𝑎 + 𝛽𝛽
1
𝑀𝑀𝑀𝑀𝑀𝑀 + 𝛽𝛽

2
𝑄𝑄𝑄𝑄𝑎𝑎𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃_𝑃𝑃𝑡𝑡_𝑀𝑀𝐼𝐼 + 𝛽𝛽

3
𝑀𝑀𝑀𝑀𝑀𝑀 ∗ 𝑄𝑄𝑄𝑄𝑎𝑎𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃_𝑃𝑃𝑡𝑡_𝑀𝑀𝐼𝐼 + 𝛽𝛽

4
𝐶𝐶𝑎𝑎𝐶𝐶𝑃𝑃𝐶𝐶𝐶𝐶𝑎𝑎𝑃𝑃_𝑄𝑄𝑄𝑄𝑎𝑎𝑃𝑃𝑃𝑃𝑃𝑃𝑃𝑃 + 𝛽𝛽

5
𝑏𝑏𝑄𝑄𝑃𝑃𝐶𝐶𝐶𝐶𝑃𝑃𝐶𝐶𝑔𝑔_𝑇𝑇𝑇𝑇𝑇𝑇𝑃𝑃 + 𝛽𝛽

6
𝐿𝐿𝑡𝑡𝑃𝑃_𝑆𝑆𝑆𝑆𝑄𝑄𝑎𝑎𝑃𝑃𝑃𝑃_𝐴𝐴𝑃𝑃

+ 𝛽𝛽
7
𝑇𝑇𝑇𝑇𝑇𝑇𝐴𝐴𝐿𝐿𝑇𝑇𝑇𝑇𝑀𝑀𝑇𝑇𝑆𝑆 + 𝛽𝛽

8
𝐺𝐺𝑎𝑎𝑃𝑃𝑎𝑎𝑔𝑔𝑃𝑃 + 𝛽𝛽

9
𝐴𝐴𝑔𝑔𝑃𝑃 

 
Where the other terms have the same meaning as before, but Quarters_to_IZ measures the 
number of quarters between the sale of the property and the adoption of MIH in that area. 
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Finally, we employed the same type of models to estimate the MIH impact on residential rents. 
Illustrated below is the equation used to model the relationship between rent levels and the 
adoption of MIH. 
 

Equation 5. 
 

𝑅𝑅𝑃𝑃𝐶𝐶𝑃𝑃𝑃𝑃𝑖𝑖 = 𝑎𝑎 + 𝑏𝑏𝑏𝑏 + 𝛽𝛽1𝑀𝑀𝑀𝑀𝑀𝑀 + 𝛽𝛽2𝐴𝐴𝐴𝐴𝑃𝑃𝑃𝑃𝑃𝑃_𝑀𝑀𝑀𝑀𝑀𝑀+ 𝛽𝛽3𝑀𝑀𝑀𝑀𝑀𝑀 ∗ 𝐴𝐴𝐴𝐴𝑃𝑃𝑃𝑃𝑃𝑃_𝑀𝑀𝑀𝑀𝑀𝑀 + 𝛽𝛽4𝐶𝐶𝑎𝑎𝐶𝐶𝑃𝑃𝐶𝐶𝐶𝐶𝑎𝑎𝑃𝑃_𝑌𝑌𝑃𝑃𝑎𝑎𝑃𝑃 
 
Where: 

● Rent is the rental income of a residential building, in building i and year j   
● MIH is an indicator variable taking on a value of 1 if the housing unit is in a MIH 

zone, and 0 if it is a buffer 

● 𝐴𝐴𝐴𝐴𝑃𝑃𝑃𝑃𝑃𝑃_𝑀𝑀𝑀𝑀𝑀𝑀 is an indicator variable taking on a value of 0 if rental income is 
recorded prior to the area-specific MIH zone being adopted, and 1 if after the 
area-specific MIH zone was adopted 

● MIH*After_MIH is an interaction term between the two variables above 
● Calendar_Year is the year in which the rental income was collected. 

 
We also measure the adoption of MIH as a temporal variable in this case. Because rental 
information is recorded annually at the end of each year, we measure it as days until the MIH 
was adopted.  
 

Equation 6. 
 

𝑅𝑅𝑃𝑃𝐶𝐶𝑃𝑃𝑃𝑃𝑖𝑖 = 𝑎𝑎+ 𝛽𝛽1𝑀𝑀𝑀𝑀𝑀𝑀+ 𝛽𝛽2𝑌𝑌𝑃𝑃𝑎𝑎𝑃𝑃𝑃𝑃_𝑃𝑃𝑡𝑡_𝑀𝑀𝐼𝐼+ 𝛽𝛽3𝑀𝑀𝑀𝑀𝑀𝑀 ∗ 𝐷𝐷𝑎𝑎𝑇𝑇𝑃𝑃_𝑃𝑃𝑡𝑡_𝑀𝑀𝐼𝐼+ 𝛽𝛽4𝐶𝐶𝑎𝑎𝐶𝐶𝑃𝑃𝐶𝐶𝐶𝐶𝑎𝑎𝑃𝑃_𝑌𝑌𝑃𝑃𝑎𝑎𝑃𝑃 
 
Where the other variables are as before, and: 

● Days_to_IZ is the number of days from December 31 of the year when the rental 
income was collected until the area-specific MIH zone was created 

● Days_to_IZ *MIH is an interaction term between the two variables above.  
 
For our rental regression models, we employ building-specific fixed effects, as the same 
buildings appear in the data every year. 
 
For our regression models the key variable of interest is the interaction between the timing of 
adoption of MIH and the location within an MIH zone. As interaction terms can be tricky to 
interpret, we present the predictive margins in the body of the report, with the full model results 
in the appendix. 
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New York City Analysis 
 
Before describing the results of our regression models, we first briefly describe trends in our 
three outcome variables. Our analytic strategy is to discern whether MIH altered trends in these 
three outcomes. Thus, analyzing simple trends can be informative. In the graphs below, we plot 
the outcome variable on the y-axis and time on the x-axis, also denoting the time when MIH was 
adopted. Time on the x-axis is not calendar time, but time until/after MIH was adopted. For 
example, two different MIH areas will have two different dates for MIH adoption. By using the 
time until/after MIH was adopted, we can use a single x-axis for all observations.  
 
Figure 1 illustrates the trend in permits from three years prior to MIH adoption until the first 
quarter of 2020. In both the MIH and buffer areas, there is a gradual trend towards more new 
construction as evidenced by the increasing rate of permitting. The increase in the MIH area, 
however, does not appear to be especially different from that observed in the buffer area.  
 

 
  
Illustrated in Figure 2 are the respective trends in prices in the buffer and MIH areas. In most 
quarters, prices in both areas appear to be little different. In the later quarters after MIH adoption, 
however, there does appear to be more heterogeneity, with price rising slightly faster in the MIH 
area, driven by dramatic rises in three quarters in particular.  
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Figure 3 illustrates the trend in rental income in the MIH and buffer areas, respectively. The least 
squares lines suggest a slight upward trend in the buffer areas, while the MIH areas are generally 
flat. Based on this simple graphical depiction of the relationship between MIH and rental 
income, there does not appear to be much evidence to suggest MIH areas experienced increases 
in rents, pre- or post-MIH adoption. 



 

32 

 
 

The charts above show that, in terms of the three outcomes of interest (permits, sales prices, and 
rental incomes), the buffer areas are comparable to the MIH areas over the course of the study. 
Along the three dimensions, overall trends are roughly similar prior to the adoption of MIH. This 
overall pattern suggests that the DiD approach is suitable for detecting the impacts of MIH in 
New York City. 

 
 

Difference-in-Differences Results 
 

Table 1. Variables Used in Permit Regression Models 

 
 

Table 1. Descriptive Statistics Permits 

Variable n  Mean  Std. Dev.  Min  Max 

New Building 
Permits 

2150 6.3 8.911 0 86 

Area (sf) 2150 7,883,504 7415946.5 36,169 54,175,400 

 MIH zones 2150 18% .386 0 1 

 After MIH 
adoption 

2150 40% .49 0 1 
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Table 1 lists descriptive statistics for variables used in our fixed-effects permit regressions. The 
number of permits filed in a given quarter, with a mean of 6.3, would appear to more closely 
follow a count distribution as opposed to a true continuous variable. For that reason, we use a 
negative binomial regression model for our estimates. 
 
We estimated a panel-adjusted, fixed-effects, negative binomial regression model to account for 
the dependent variable’s characteristic as a count variable. The full results are presented in the 
appendix. We focus here on the interaction term, which allows us to test the hypothesis of 
whether the adoption of MIH impacted the rate at which permits for new construction were filed. 
To ease the interpretation of the interaction term, we illustrate the predicted number of permits 
per area for MIH zones, before and after MIH adoption, and for buffer zones, before and after 
MIH adoption. These predicted values, and the ones that follow, are obtained from the regression 
models specified in the equations above. 
 

 
 

Figure 4 shows the predicted number of permits per area. Our negative binomial regression 
model also accounts for the exposure, which we measure in square feet. Larger areas would be 
expected to have more permits, which was indeed the case, as we saw above. Once we control 
for differences in size, however, we see the MIH areas witnessed more new construction 
permitting activity, as revealed by the surfeit in new building permits in these areas. Areas within 
MIH zones, relative to the buffer areas, witnessed permits for new construction at a rate more 
than four times higher. Moreover, the surfeit of new permits increased after the adoption of MIH. 
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The 95% confidence intervals are shown by the error bars. Contrasts of the predictive margins 
are statistically significant at the 95% level of confidence and presented in Table A2 in the 
appendix.  

 
 

 
 
Figure 5 shows the results of our negative binomial regression when we use the number of 
quarters until/after MIH adoption as the moderator variable in our interaction term. The chart 
plots the predicted number of new construction permits across both MIH and corresponding 
buffer zones. The clear pattern is new-construction permit activity accelerating in quarters after 
MIH has been adopted. Contrasts of the predictive margins are statistically significant at the 95% 
level of confidence and are presented in Table A3 in the appendix. Overall, the evidence is 
consistent with the stated purposes of MIH. By including density bonuses, additional 
development was incentivized. 
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Table 2. Descriptive Statistics for Property Value Regression  

 Variable  Obs  Mean  Std. Dev.  Min  Max 

 Sales Price 16492 1626977.7 8509293.3 25000 620,000,000 

 Year Built 16492 1930.17 32.445 1800 2019 

 Parcel Area (sf) 16492 2.648 2.412 304 679,000 

 Number of units 16492 3089.59 7789.956 1 955 

  

 
 
 
 

Table 3. Tabulation of Building Type & Garage (used in Sales Regressions) 

 Freq. Percent Cum. 

Single-Family Home 1758 10.66 10.66 

Single-Family Attached 1232 7.47 18.13 

2-3 family house 9281 56.28 74.41 

Over six families without stores, five to six 
families, four families 

1884 11.42 85.83 

Old law tenement, converted rooming house 365 2.21 88.04 

Walkup COOP and rentals 329 1.99 90.04 

Garden Apartments & 1 mobile unit 33 0.20 90.24 

Elevator buildings 399 2.42 92.66 

Mixed-use buildings 1194 7.24 99.90 

Zoned residential units 17 0.10 100.00 

No Garage 16,458 98.79 98.79 

Presence of Garage 34 .21 100.00 

Total 16492 100.00  
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The next set of outcomes we consider are property values. Recall that a major argument against 
MIH is that this type of zoning will trigger new development that will spur gentrification. Our 
analyses of permit activity suggest opponents’ intuition about new development is correct—MIH 
is associated with new construction activity. But what of the corollary? Will this new 
development spur gentrification? In this section we directly test the relationship between MIH 
and one of the most salient indicators of gentrification—property values.  
 

 
 
We use the regression models described in equations 3 and 4, focusing on the predicted margins 
to ease interpretation of the interaction terms. Descriptive statistics for the variables used in the 
regression models are in Tables 2 and 3. The predicted sales prices for MIH areas, before and 
after MIH adoption, and buffer areas, before and after MIH adoption, are illustrated in Figure 6. 
Sales prices were on an upward trajectory in both types of areas, but the chart suggests the 
increase in the MIH areas accelerating more steeply. Tests of the difference in the predictive 
margins presented in Table A5, however, show these differences are not statistically significant 
at the 95% level of confidence.  
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We also operationalized the temporal adoption of MIH in terms of quarters before and after the 
MIH program was adopted. The results of this exercise are illustrated in Figure 7. Illustrating the 
difference between the MIH areas and the corresponding buffer zones in this manner produces 
less precise estimates. Overall, the differences are not statistically significant, as suggested by the 
overlapping error bars, as well as the formal significance test contrasting the predictive margins. 
Therefore, we cannot conclude that the timing of the differences in sales prices neatly 
corresponds with the adoption of MIH. The evidence regarding property values indicates prices 
in MIH areas may be accelerating in the wake of MIH adoption. The evidence is not consistent 
enough, however, to definitively conclude these changes are due to MIH. 

 
The last set of outcomes we consider for New York City is related to rents, operationalized by 
annual rental income in a building. Descriptive Statistics for our fixed effects models are 
illustrated in Table 4.  

 
Table 4. Descriptive Statistics for Rent Regressions  

 Variable  Obs  Mean  Std. Dev.  Min  Max 

Rental Income 57978 485347.13 1805388.2 0 136200000 

 After MIH adoption 57978 .168 .374 0 1 

 MIH zones 57978 .021 .142 0 1 
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Figure 8 illustrates the predicted rental incomes across different combinations of before and after 
MIH adoption, and within the MIH zone or buffer zone. The chart suggests no clear pattern in 
terms of rents increasing more quickly in the MIH zones relative to the buffer zones. According 
to the contrast of predictive margins presented in Table A8 in the appendix, the differences are 
not statistically significant. 

 

 
 
When we operationalize the timing of MIH adoption as a continuous variable in this case, the 
number of days before or after MIH adoption, Figure 9 shows no discernible difference in terms 
of changes in rent revenue. Moreover, the differences between the MIH areas and the buffer 
zones are not statistically significant, according to the contrast of predictive margins presented in 
Table A9. This finding is inconsistent with the notion that the MIH zones transform the character 
of the areas in a way that leads to rent increases above and beyond what was happening 
elsewhere in the city. 
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Paris Analysis 
 
The Paris component of our study utilizes data from the Fichiers Fonciers database for rental 
units, the DVF+ (Demande de Valeur Foncière) database for property values, and the Sit@del2 
database for housing construction trends. The Paris data will be analyzed at the parcel and IZ-
zone level.  
 
The Fichiers Fonciers database for rental values provides data on rental units. Since 2009, 
Cerema reformats, cleans, and geolocalizes land files/property records, or Fichiers Fonciers, of 
the Direction Générale des Finances Publiques [DGFIP] for the Ministère en charge du 
Logement, des services de la Direction Générale de l’Aménagement, du Logement et de la 
Nature [DGALN].10 Rental values are technically recorded in order to calculate taxes, but several 
French experts we consulted advised us to use them as the best approximation there is at the 
parcel level of changes to the local rental market over time, after we conducted several 
exploratory interviews (Cerema 2019). Therefore, we used “dvlper” [estimation of rental value in 
values from the year 1970] and “dvlpera” [estimation of rental value in present value] as 
dependent variables.11 We applied for access to this database and combined the datasets from the 
most recent version of Fichiers Fonciers, released in 2019, compiling databases from previous 
years. We included other independent variables relative to taxation, localization at the parcel 
level, time, and features of the buildings, using two tables: “pb0010_local” and “pb21_pev”.12 
 
The DVF database for sales prices is compiled and made accessible by the Direction Générale 
des Finances Publiques. This database allows information to be gathered on real estate 
transactions that took place in the past five years. The data compiled include notarial deeds and 
cadastral information. It was released in open-data format in May 2019, thanks to the ELAN 
government decree (2018); until then the government considered real estate data to be subject to 
statistical confidentiality, because it was considered sensitive data, for privacy reasons. The 
ministry antenna of the DGALN and the public center for expertise and engineering, Cerema, 
published an enhanced database “DVF+ open-data”, which gives access to a cleaned and 
geolocalized13 version of DVF, enabling a finer analysis of transactions (Coulondre 2018, 

 
10 We first planned on using two alternative types of databases: (1) the OLAP, produced by the 
Observatoire des Loyers de l’Agglomération Parisienne, but the data was aggregated by groups of 
arrondissements (the 20 districts that make up the city of Paris) and available only for Paris intra-muros, 
not including its suburbs; and (2) the database of the rental website SeLoger.com, which is the French 
equivalent to Zillow, using web-scraping techniques, but this method would have only allowed us to go 
back to rental ads as old as 2016-2017. 
11 Tax services determine a reference unit for each type of unit and for each cadastral classification. This 
unit is estimated independently and is used as a basis to calculate rental values for other units. Therefore, 
if this reference unit’s area is of 100 square meters, and its rental value is of € 2,000, this value will be 
€20/m². 
12 Data characteristics: parcel level, by year, panel data: 2003-2020. 
13 Geolocalization is performed using the different versions of the digitized Cadastral Plan based on 
data.gouv.fr's open-data platform.  
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2019).14 To estimate sales prices, we use the database’s main table, “mutation”, and focus on the 
variable “valeurfonc”, which corresponds to the price or price assessment of each transaction 
declared in euros. We included other independent variables relative to localization at the parcel 
level, time, and features of the buildings.15  

 
The final set of data we plan to draw on for the Grand Paris component of the study allows us to 
analyze construction trends in the IZ zones. We utilize the Sit@del2 database, which collects 
annual construction permit information. This data comes from building permit applications 
handled by administrative centers. Changes relative to the permit’s status [filed, authorized, 
revoked, changed, start of construction, construction completed] are compiled for statistical 
purposes. Information declared in the application is shared monthly with the Service de la 
données et des études statistiques [SDES]. Information relative to authorizations is shared by 
administrative centers six months after issuance. Declarations of start and end of construction 
work are done by the applicants and can take up to 18 months to be added to the database. 
Sit@del data from 1972 to 2020 was only recently made accessible, in the fall of 2020, through 
the French statistical services of the Centre d’Accès Sécurisé aux Données [CASD], which we 
applied for as part of this study16. Each row in the database corresponds to a building permit, 
either including the number and area of housing units, or the area for non-residential space. Four 
types of residential construction are included: single-family housing, grouped single-family 
housing, multifamily housing, and residences. Our analysis looks at “nb_lgt_tot_crees”, and we 
include other independent variables relative to localization at the parcel level, time, and features 
of the buildings.17 We consider the first quarter of 2016 as a cutoff for this model in our 
analyses.  

 
We followed two constraints when selecting the zones of study for the Paris case: 

1. Making sure that our rationale was in line with recent research and consensus among 
French researchers who study the greater Paris metropolitan housing market trends, and 
inclusionary zoning programs locally implemented, in particular; 

 
14 We first planned on using the more standard database BIEN [notarial deeds for the Île-de-France 
region], which had been the go-to database in prior studies. In France, each real estate transaction is 
associated with a notarial deed. In theory, this means that notaries have access to the most comprehensive 
datasets. And since the 1980s, they had been the sole providers of real estate data, which they sell to the 
government and other research institutions. However, access to these datasets is extremely costly, while 
DVF is in open data format. Additionally, while assembling the data that fuels the BIEN [Île-de-France 
region data] and PERVAL [national data] is a secondary mission for notary offices, making these two 
databases less comprehensive, it is an essential mission for the DGFIP, for tax purposes, which means 
that DVF is now the best database for analyzing real estate transactions. 
15 Data characteristics: parcel level aggregated for each of the 43 IZ zones, by quarter. Not panel data, due 
to availability of data years, extracted from the most recent database version [April 2020]: 2014-2019. 
16 This work is supported by a public grant overseen by the French National Research Agency (ANR) as 
part of the “Investissements d’Avenir” program (reference: ANR-10-EQPX-17 - Centre d’accès sécurisé 
aux données - CASD. 
17 Data characteristics: parcel level aggregated for each of the 43 IZ zones, by quarter. Panel data: 2003-
2020. 
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2. Making sure that the selection of zones, while it respected the consensus among Paris 
researchers, would also comply with the requirements of a comparative framework with 
New York’s Mandatory Inclusionary Housing. 

 
While we established a comparative framework for this research, we are cognizant of the fact 
that there are structural differences between New York and Grand Paris: 

1. What we consider the IZ program implemented in the greater Paris metro region is the 
combination of both the national TVA ANRU tool, adopted to spur construction in 
historically disinvested “urban renewal” neighborhoods, and the metro-level boost of 
development in the future “train station neighborhoods” of the extended Grand Paris 
Express subway network. 

2. What we consider the Grand Paris IZ zones is an approximation of 300-meter policy 
perimeters around the designated policy perimeters; while in New York, we consider IZ 
zones to be the specific parcels in neighborhoods rezoned for denser housing 
developments, in the case of MIH. 

 
Our analyses also employ the Difference-in-Differences (DiD) approach for the greater Paris 
metro region. Applied to our research, treatment entails the implementation of IZ. The 
“treatment” group is composed of housing units within the IZ area. The “control” group consists 
of housing within quarter-mile buffers around each IZ zone. In some instances, parcels fall 
within buffers for two IZ zones. In these cases, we assign the parcel to the buffer that 
corresponds to the closest inclusionary zone. 
 
As was the case with our analysis of MIH, our first dependent variable is new development 
measured as permits for new residential construction, per quarter. The unit of analysis is each of 
the 43 areas corresponding to Quartiers de Gare [“train station neighborhoods”] that fall within 
IZ zones named “Zones TVA ANRU”, and their corresponding buffer zones, respectively. 
  
We also employ a fixed effect, and the time when the permit was filed, relative to the timing of 
the inclusionary zone being adopted as the key independent variable of interest. We measure this 
timing using two different approaches. The first simply compares whether the date the permit is 
filed before or after the local inclusionary zone was adopted. Dates recorded before the 
inclusionary zoning was adopted are coded as 0, whereas dates after are coded as 1. This scheme 
applies both to permits that were filed within the IZ zone, and the corresponding buffer. In other 
words, buffer areas will also be coded 0 if the observation takes place before the local IZ 
program was implemented, and 1 if afterwards. 
 
The second approach measures the time in quarters from when the permit was filed until or after 
the IZ program was adopted. Using this approach allows us to estimate trends in permit activity 
before and after the program’s implementation.  
 
We apply analogous approaches for discerning the impact of the IZ program on our other two 
outcomes, sales prices and rents, with some modifications. For our analysis of sales prices, the 
unit of analysis is a residential sale. As we have the location and date of the sale, we can observe 
whether the sale took place within an IZ zone or its buffer, and whether the sale took place 



 

43 

before or after the IZ program in that specific area was implemented. Our data also contain basic 
characteristics of the building, such as age, type (e.g. single-family, condominium, etc.), area, 
and the presence of a garage, which we use as controls. 
 
To analyze the relationship between the IZ program and rents, we measure rents indirectly using 
the Fichiers Fonciers rental value statements collected by the government for tax-filing purposes. 
The French government uses a rental property owner’s reported rental income when determining 
the value of the property. The rental income the owner reported in a year (the year for which the 
owner reported the income) is the dependent variable in our analysis. We compare the last date 
(i.e., December 31) in the year for which the rental income is reported to the date when the IZ 
program was adopted in that specific area. We also control for the calendar year for which the 
rental income is reported.  
 
Model Specification 
 
To illustrate our statistical approach, we describe the models to be used in equation form. Our 
modeling of permits filed per quarter for each area can be represented by a Difference-in-
Differences model of the form below:  

 
Equation 1 
 

Permitsij = a + bα + β1IZ + β2After_IZ + β3IZ*After_IZ + β4Calendar_Quarter 
 
Where: 

● Permits is the number of permits for new buildings filed in quarter i and area j.  
● IZ is an indicator variable taking on a value of 1 if the area is an IZ zone, and 0 if it is a 

buffer. 
● After_IZ is an indicator variable taking on a value of 0 if quarter is prior to the area-

specific IZ zone being adopted, and 1 if the quarter is after the area-specific IZ zone was 
adopted. 

● IZ*After_IZ is an interaction term between the two variables above.  
● Calendar_Quarter is an indicator variable indicating the calendar quarter when the 

permit was filed. 
 
The IZ indicator variable allows us to discern whether, relative to their respective buffer areas, 
more new permits were filed within the IZ zones. The After_IZ indicator variable will illustrate 
whether the frequency with which permits for new buildings are filed changed after the area 
specific IZ was implemented.  
 
The interaction term IZ*After_IZ allows us to test the hypothesis that IZ is spurring new 
development within the IZ area. A positive, substantively meaningful, and statistically significant 
value for the interaction term will support the hypothesis that IZ is spurring more development.  
The Calendar_Quarter variable will illustrate any temporal trends in permit activity. 
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The equation above can be adopted to use the number of quarters until/after IZ was adopted and 
is represented below: 

 
 Equation 2 
 

Permitsij = a + bα + β1IZ + β2Quarters_to_IZ + β3IZ*Quarters_to_IZ + 
β4Calendar_Quarter 

 
 
Where the other terms have the same meaning as above, and; 

● Quarters_to_IZ represents the number of quarters before or after the IZ program was 
adopted.  

● IZ*Quarters_to_IZ allows us to discern if the trend in permitting changed after the 
adoption of IZ. If the term is positive, statistically significant, and substantively 
meaningful, this would mean the IZ program altered the trajectory of permitting activity 
in the IZ zones. 

 
We employ a similar approach for our other two outcomes, sales prices and rents, respectively. 
The indicator variables for IZ status, the variables measuring time to IZ implementation as a 
continuous variable, and the interaction terms are all interpreted as described above. The 
equations for sales prices and rents, respectively, are listed below. 

 
Equation 3 
 

Priceij = a + bα + β1IZ + β2After_IZ + β3IZ*After_IZ + β4Calendar_Quarter + 
β5building_type + β6LotSquaremeter + β7TotalUnits + β8Garage 

 
Where: 

● Price is the sales price of a residential unit in quarter i. 
● IZ is an indicator variable taking on a value of 1 if the housing unit is in an IZ zone, and 0 

if it is a buffer. 
● After_IZ is an indicator variable taking on a value of 0 if sale takes place prior to the area-

specific IZ program being implemented in the zone, and 1 if the sale is after the area-
specific IZ zone was implemented. 

● IZ*After_IZ is an interaction term between the two variables above.  
● Calendar_Quarter is the quarter in which the unit was sold. 
● building_type indicates the various categories of residential buildings (e.g. single-family, 

two-family, apartment building, etc.). 
● LotSquaremeter is the size of the lot. 
● TotalUnits is the number of units in the building. 
● Garage indicates the presence of a garage in the building. 
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We also measure the timing of the IZ program implementation continuously, in this case, the 
number of quarters until IZ is adopted as illustrated below: 
 
 
 

 
Equation 4. 
 
Priceij= a + bα + β1IZ + β2Quarters_to_IZ + β3IZ*Quarters_to_IZ + β4Calendar_Quarter 

+ β5building_type + β6LotSquaremeter + β7TotalUnits + β8Garage 
 

Where the other terms have the same meaning as above, but Quarters_to_IZ measures the 
number of quarters between the sale of the property and the adoption of the IZ program in that 
area. 
Finally, we employed the same type of models to estimate the IZ impact on residential rents. 
Illustrated below is the equation used to model the relationship between rent levels and the 
implementation of the IZ program. 

 
Equation 5. 
 

Rentij= a + bα + β1IZ + β2After_IZ + β3IZ*After_IZ + β4Calendar_Year + 
β5Construction_Year + β6Total_Area 

 
Where: 

● Rent is the rental income of a residential building in building i and year j   
● IZ is an indicator variable taking on a value of 1 if the housing unit is in an IZ zone, and 0 

if it is a buffer,  
● After_IZ is an indicator variable taking on a value of 0 if rental income is recorded prior 

to the area-specific IZ zone being adopted, and 1 if after the area-specific IZ zone was 
adopted, and 

● IZ*After_IZ is an interaction term between the two variables above.  
● Calendar_Year is the year in which the rental income was collected. 
● Construction_Year indicates the year the building was built. 
● Total_Area is the size of the lot. 

 
We also measure the adoption of the IZ program as a temporal variable in this case. Because 
rental information is recorded annually at the end of each year, we measure it in days until the IZ 
program was implemented.  
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Equation 6. 
 

Rentij= a + bα + β1IZ + β2Days_to_IZ + β3IZ*Days_to_IZ + β4Calendar_Year + 
β5Construction_Year + β6Total_Area 

 
Where the other variables mean the same as above, and: 

● Days_to_IZ is the number of days from December 31 of the year when the rental income 
was collected until the area specific IZ zone was created. 

● Days_to_IZ *IZ is an interaction term between the two variables above.  
For our rental regression models, we employ an OLS regression model for the Difference-in-
Difference, as the same buildings do not appear in the data every year. 
 
Difference-in-Differences Results 
 
We first briefly describe trends in our three outcome variables. Our analytic strategy is to discern 
whether the IZ program altered trends in these three outcomes. Thus, analyzing simple trends can 
be informative. In the graphs below, we plot the outcome variable on the y-axis and time on the 
x-axis, also denoting the time when the IZ program was adopted. Time on the x-axis is calendar 
time, since we choose the date of January 1, 2016, as the date the IZ program was adopted for all 
zones. 
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Figure 10 illustrates trends in building permits in the IZ areas and corresponding buffer areas 
from 2003 to four years after IZ implementation, until the second quarter of 2020. Overall, there 
is not a discernible pattern that would suggest the adoption of IZ in Paris had an important effect. 
The least-squares lines summarizing the scatter plots do not show much divergence. We test for 
such a pattern more formally with our DiD regression analysis. Tables 5 and 6 report descriptive 
statistics for the variables used in our regression models.  
 
Table 5 lists descriptive statistics for variables used in our fixed-effects permit regressions. The 
number of permitted units filed in a given quarter, with a mean of 0.871, works as our dependent 
variable in a regression that also includes as controls the total area associated with each permit in 
the dataset, and whether or not social housing units are included in each newly permitted project.  
 
The full results of our panel-adjusted, fixed-effects regression model are presented in the 
appendix. We focus here on the interaction term, which allows us to test the hypothesis of 
whether implementation of IZ impacted the rate at which permits for new construction were 
filed. To facilitate interpretation of the interaction term, we illustrate the predicted number of 
permits per area for IZ zones, before and after IZ adoption, and for buffer zones, before and after 
IZ implementation. These predicted values, and the ones that follow, are obtained from the 
regression models specified in the equations above. 
 
Table 5. Descriptive Statistics for Paris Permit Regressions 

 Variable  Obs  Mean  Std. Dev.  Min  Max 

 Number of 
permitted units 

5,485 0.871 9.859 0 281 

Total Area 5,485 577.10 1643.454 0 14838 

Number of social 
housing units 

5,485 0.167 4.538 0 272 

1-room units 5,485 0.265 5.14 0 230 

2-room units 5,485 0.165 2.336 0 118 

3-room units 5,485 0.159 2.04 0 67 

4-room units 5,485 0.10 1.270 0 29 

5-room units 5,485 0.03 0.365 0 12 

6-room units 5,485 0.007 0.128 0 5 

Type of zone 5,485 0.5712 0.495 0 1 

Before or After 
IZ program 
implementation 

5,485 0.487 0.50 0 1 
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Figure 10b shows the predicted number of permits in the IZ and buffer areas before and after the 
IZ was adopted in 2016. The image suggests the rate of permitting increased more quickly after 
IZ was adopted in IZ zones relative to buffer areas. The increment in permits filed appears to be 
much larger in IZ zones. The difference in the rate of increase, however, is not statistically 
significant at the 95% level of confidence. Significance tests of the contrasts of the predictive 
margins are presented in the appendix and show the differences are not statistically significant.    
 

 
 
We also tested how the implementation of IZ in Paris was related to permitting by using a 
continuous measure of the timing of IZ adoption. We plot the predicted number of permits across 
the study period measured in quarters, for the IZ areas and their corresponding buffers, 
respectively. Those results are presented in Figure 11.  
 
The plot shows the predicted number of permits increased slightly in the IZ zone, while 
increasing steadily in the buffer zone. This difference is not consistently statistically significant. 
The significance tests of the contrasts of margins are presented in the appendix. 
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Sales 
 
Figure 12 illustrates trends in housing prices in the Paris IZ areas and their corresponding buffer 
areas. There does appear to be an increase in sales prices in both the IZ areas and the 
corresponding buffer areas, as shown by the rise in bar heights at time 0 (when the IZ program 
was implemented). This increase, however, seems to be cyclical. Sales prices rise notably every 
four quarters. There does not seem to be a systematic difference between the IZ areas and 
corresponding buffer areas, in terms of sales prices or their respective trends. 
 



 

50 

 
 
 
We turn to our regression models to formally test differences between the IZ areas and their 
buffers areas over time. As before, we use our regression models to estimate predictive margins 
and then test the statistical significance of the differences between the IZ and buffer areas. The 
full regression results are presented in Table A15 in the appendix. Tables 7 and 8 show 
descriptive statistics for the variables used in our regression models. To limit our analyses to 
arm’s length transactions, we eliminate all transactions below €25,000.00.18 
  

 
18 DVF recommends dropping “the lowest prices prior to analysis, to further clean/improve the data, 
because they might be outliers representing transactions among branches of the same company, between a 
municipality and an HLM social-housing developer, succession/estate transactions from parent to child, 
etc.)”. Based on the median sale price by square meter in the Paris metro region for 2019: €4,461, [lowest 
€2,241/m², and highest €4,984/m²), and the median price of a house, which is between €300,000 and 
€400,000, we decided to drop all transactions set at €25,000. 
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Table 6. Descriptive Statistics for Sales Regression 

 Variable  Obs  Mean  Std. Dev.  Min  Max 

 Sales price 109,672 326,678.09 779,146.53 25,000 91600000 

Number of units in 
transaction 

109,672 1.199 3.585 1 539 

 Total Area in 
transaction 

109,672 72.192 249.869 0 27570 

 Number of lots in 
transaction 

109,672 1.92 2.133 0 218 

  

 
 
 
Table 7. Frequencies of Categorical Variables Used in Sales Regression 

Type of zone Freq. Percent 

Buffer Area 35,705 53.16 

Inclusionary Zone 31,457 46.84 

Before IZ program implementation 20,301 30.23 

After IZ program implementation 46,861 69.77 

 

 

 

 
Figure 13 indicates an increase in sales prices after the adoption of IZ in both the IZ areas and 
their corresponding buffers. The predictive margins can be interpreted as showing an increase in 
sales prices after implementation of IZ in both the buffer areas and IZ zones. Prices rose on 
average €23,000 in the IZ zones and €38,000 in the buffer areas. This result implies the opposite 
of our hypothesis—sales prices accelerated more quickly in the buffer zones. An F-test of the 
statistical significance of the difference-in-differences, as shown in Table A13, shows a 
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statistically significant result. The overarching conclusion is that sales prices in Paris increased 
more slowly in the IZ areas than in their corresponding buffers. 
  
 

 
 
We also operationalized the timing of implementation in terms of the timing or specific quarter 
when the IZ program was implemented. This approach has the advantage of being more sensitive 
for detecting changes in pricing trends. The results of this approach are illustrated in Figure 14. 
Similar to the results illustrated in the previous chart, Figure 14 depicts increases in sales prices 
in both the buffer areas and IZ zones. The increase appears to be slightly steeper in the buffer 
area. The differences in sales prices between the buffer and IZ areas are statistically significant in 
the latter years of the study period, as indicated by the contrasts of margins presented in Table 
A14, a pattern that would be inconsistent with the argument that IZ itself is linked to 
gentrification.  
 
Our analysis of changes in sales prices after the adoption of IZ in Paris provided little evidence 
to support the hypothesis that the IZ program is associated with increasing housing prices. If 
anything, the evidence showed housing prices rising more quickly in the buffer areas. 
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Rental Income 
 
The last set of outcomes we consider for Grand Paris are rental values operationalized by annual 
rental income in a building. Descriptive statistics for our regression models are illustrated in 
Table 8. We use the regression models described in Equations 5 and 6, focusing on the predicted 
margins to facilitate interpretation of the interaction terms. The mean rental income is 
€6,103.04419. 

 
 
 
 
 
 
 
 
 

 
19 As a reminder, while it is the closest approximation of rents we could base our study on, rental income 
is different from rent, in that it represents revenue earned from leasing out properties to third parties, and 
is presented as such in a household’s income statement. For reference, median rent in Paris is €23.60 per 
square meter - €16.20 in its inner-ring suburbs (Observatoire des Loyers 2019). 
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Table 8. Descriptive Statistics for Rental Values Regression 
 

Variable  N  Mean  Std. Dev.  Min  Max 

Rental Income 81,587 6,103.044 3,119.768 0         1.45e+07  

Year of construction 81,587 1914.41 226.488 0 2019 

Total Area 81,587 711.076 4,221.595 1 800 

Number of housing 
units 

81,587 13.929 67.337 0 4,604 

 
 
Table 9. Frequencies of Categorical Variables Used in Sales Regression 

Type of zone Freq. Percent 

Buffer Area 34,173 41.89 

Inclusionary Zone 47,414 58.11 

Before IZ program implementation 63,320 77.61 

After IZ program implementation 18,267 22.39 

 
 
Figures 15 and 16 illustrate the trend in rental income in the IZ zones and buffer areas, 
respectively. The least squares lines in Figure 15 suggest that, overall, both trends in the buffer 
areas and the IZ zones are generally flat. Figure 16 shows there does appear to be an increase in 
rental income in both the IZ zones and the corresponding buffer areas, when the IZ program was 
implemented. This increase, however, seems to be cyclical, as shown by the steep increase for 
both IZ areas and associated buffers in 2006. Rental incomes rise notably every four quarters. 
There does not seem to be a systematic difference between the IZ areas and corresponding buffer 
areas in terms of rental values or their respective trends. 
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We again turn to our regression models to formally test differences between the IZ areas and 
their buffer zones over time. As before, we use our regression models to estimate predictive 
margins and then test the statistical significance of the differences between the IZ and buffer 
areas. The full regression results are presented in Table A17 in the appendix. The predicted 
rental income for IZ areas, before and after IZ adoption, and buffer zones, before and after IZ 
adoption, are illustrated in Figure 17. Rental income actually decreased in the buffer area, while 
increasing in the IZ area. Tests of the difference in the predictive margins presented in Table 
A18 show these differences are statistically significant at the 95% level of confidence.  
 
 

 
 
 
We also tested how implementation of IZ in Grand Paris was related to rental income, by using a 
continuous measure of the timing of IZ adoption. We plot the predicted rental values across the 
study period measured in quarters for the IZ areas and their corresponding buffers, respectively. 
Those results are presented in Figure 18. This approach has the advantage of being more 
sensitive for detecting changes in pricing trends. 

 
Figure 18 depicts increases in rental income in both the buffer zones and IZ areas. The increase 
appears to be slightly steeper in the buffer zones. The difference in rental values between the 
buffer and IZ areas is not statistically significant, however, in the latter years of the study period, 
as indicated by the contrasts of margins presented in Table A20, a pattern that would be 
inconsistent with the argument that IZ itself is linked to an increase in rental values.  
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Our analysis of changes in rental income after adoption of IZ in Grand Paris is the one instance 
where the evidence supports the hypothesis that IZ is associated with increasing rental values. 
Rental values did indeed increase more rapidly in the inclusionary zones than in the buffer zones. 
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Discussion 
 
In this section we discuss the implications of our empirical analyses for New York and Paris, 
respectively. We first discuss the respective results for each city separately, then we attempt to 
synthesize the results in our general conclusion, by taking into consideration the different 
affordable housing and real estate contexts of New York City and Paris. First, we consider the 
New York results. 

 
Empirical analyses show that within the MIH zones, there was indeed an increase in permitting 
activity relative to the buffer zones. The timing of this increase is consistent with the adoption of 
the MIH program being the precipitating factor. That is, the additional incentives associated with 
MIH were sufficient to encourage new development. Conversely, the flip side is that the 
requirements to build affordable housing were not so onerous as to deter new development. 
When designing the MIH program, the city had to thread the proverbial needle in making the 
affordable housing requirements significant enough to satisfy affordable housing advocates, yet 
not so onerous as to disincentivize any development at all. Our results suggest the city was at 
least minimally successful—new development did indeed occur within the MIH zones. Critics on 
both sides remain unsatisfied, with some arguing the program is too generous to developers, 
while others argue the program is too onerous (Ellsworth 2020; Kober 2020). 
 
There is certainly room for improvement in the MIH program, as with any new initiative. It takes 
time and the experience of working within the parameters of the program for developers, 
financiers, community activists, and government officials to become comfortable with the 
program’s workings, identifying possible flaws and possible tweaks. The experience of the Low-
Income Housing Tax Credit (LIHTC) program in the US is instructive. In the early years of the 
LIHTC program, it was criticized for being overly complex and adding unnecessary burdens to 
the development of affordable housing. This was reflected in the relatively low-price tax credits 
garnered from investors and the small number of units financed by the program. By the LIHTC’s 
20th anniversary, however, the program had matured, with developers and investors gaining 
experience and familiarity with using the LIHTC to develop affordable housing. Reflecting the 
rising popularity of the LIHTC program, prices investors paid for tax credits rose, and production 
rates increased. The LIHTC has become the largest source of funds for affordable housing in the 
United States (McClure 2006). Quite possibly, the MIH program will undergo a similar 
experience. Overall, it remains too early to draw definitive conclusions about how significant a 
role the MIH can play in the affordable housing strategy of New York City. Our analyses show 
that the MIH program certainly can play a role, but it remains to be seen how substantial that role 
may be.   
 
While our empirical analyses of the impact of the MIH on building activity show clear evidence 
that the program did facilitate new development, the same cannot be said with regard to impacts 
on the local housing market. To date, the MIH does not appear to be a major catalyst for rising 
housing costs. This finding should temper fears of MIH-induced displacement and gentrification.  
 
The lack of strong evidence connecting MIH to rising housing costs is perhaps not surprising in 
the New York City context. For the MIH program to be successful, developers have to anticipate 
being able to market housing units at rents high enough to earn a return on their investment. 
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These are likely to be neighborhoods that either already can support market-rate housing or 
exhibit signs that market-rate housing will be viable. In other words, any signs that the 
neighborhood is now on the upswing and may attract higher-income residents will likely appear 
before the inception of MIH. Without such signs, developers and those that finance their projects 
will be unlikely to invest. 

 
We now consider results from the greater Paris metro region. Empirical analyses show that 
within the IZ zones, there was indeed an increase in permitting activity relative to the buffer 
zones. The timing of this increase is consistent with the adoption of the TVA ANRU program in 
selected Grand Paris Express neighborhoods adjacent to future transit stops in the metro area 
being the precipitating factor. At the same time, as we look at these results, we have to keep in 
mind that both the IZ zones and their respective buffer areas were mostly low-density perimeters, 
not necessarily zoned for residential uses prior to the adoption of the IZ program and located in 
lower income neighborhoods targeted by the national ANRU urban renewal program. This 
explains both why the government adopted a program strongly incentivizing private 
development in these neighborhoods, but also how findings underscoring any increase in 
construction should be taken with a pinch of salt. Still, in the greater Paris metro region, as in 
New York City, our results suggest the city was at least minimally successful—new development 
did indeed occur within the IZ zones. 
 
In the case of the TVA ANRU program, there is also certainly room for improvement. It takes 
time and the experience of working within the parameters of the program for government 
officials and developers to become comfortable with the workings of the program, identifying 
possible flaws and possible tweaks. The experience of the SRU Law in France is instructive in 
this regard. In 2000, the SRU Law (Loi Solidarité et Renouvellement Urbain) was enacted as 
France’s largest and most comprehensive fair share affordable housing program. For years, the 
SRU Law was criticized for not managing to correct territorial imbalances fueling growing 
trends of segregation and poverty in France, and geographically concentrating social-housing 
unit construction (Maaoui 2021). In lieu of a “blanket inclusionary zoning” approach targeting 
large municipal perimeters, the government started considering more of a “spot inclusionary 
zoning” approach, first discussing and testing out the TVA ANRU tool in 2006 and reforming it 
in 2016. This time, the TVA ANRU targeted larger perimeters and directly incentivized private 
developers and associated affordable housing unit requirements with density bonuses to offset 
development costs. The number of units financed by the TVA ANRU program is not necessarily 
comparable to the SRU program outcomes. But it can be added to the toolbox of effective 
experiments policymakers are devising in order to fix the issue of social housing concentration 
across the greater Paris metro region specifically – as well as the rest of France.  
 
Over the past twenty years, the SRU Law has become the largest source of funds for affordable 
housing in France (Maaoui 2020). Quite possibly, the TVA ANRU program will undergo a 
similar experience. Overall, it remains too early to draw definitive conclusions about how 
significant a role adopting the TVA ANRU program for Grand Paris Express neighborhoods 
adjacent to future transit stops in the metro area that are also lower income urban renewal 
neighborhoods may play in the affordable-housing strategy of the greater Paris metro region. 
With this study, we started showing that the TVA ANRU program certainly can play a role, but 
we need to access more data and account for the role of major restructurings in the geography of 
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Paris’s housing construction (COVID-19 crisis, development trends spurred by the 2024 
Olympics, recent rent control reforms across the metropolitan area which will likely impact 
rental values as well as sales prices) in order to fully measure how substantial that role may be. 
 
As with the MIH program in New York, our empirical analyses of the impact of the TVA ANRU 
program on building activity show evidence that the program did facilitate new development. 
The evidence for housing costs is more mixed. Sales prices, by one measure, actually declined in 
the inclusionary zones. In contrast, rental income appears to have increased more quickly in the 
inclusionary zones. Moreover, the increase in rental income in Paris inclusionary zones was only 
detected using one measure but not both of our approximations of rental values. Taken together, 
this suggests the increase in housing costs was not robust enough to be detectable across both 
sales prices and rental values, and both of our approximations of rental values. To date, the TVA 
ANRU does not appear to be a major catalyst for rising housing costs. This finding should 
temper fears of TVA ANRU-induced displacement and gentrification, and causal claims linking 
directly the TVA ANRU program to signs that the neighborhood is now on the upswing and is 
attracting higher-income residents. 
 
Multiple limitations with Paris data suggest that these results should be interpreted cautiously, 
and further data access and analysis will allow to overcome the challenge of modeling the effects 
of these programs in both cities. This will allow us to further confirm how inclusionary zoning 
programs can constitute a supplement to leverage the impact of larger, more comprehensive, 
affordable housing programs, particularly in areas prone to experience growth in both cities, as 
well as point to incremental improvements in these two programs, in order to inform policy 
makers. 

 
One additional caveat must be mentioned. With more time to mature, the MIH program in New 
York and TVA ANRU program in Paris might produce much larger projects, along with more 
development and significant discernible increases in housing costs. Alas, it may take much 
longer than anticipated to deliver a definitive long-term assessment of the MIH and TVA ANRU 
programs. Our data and analysis end in the first quarter of 2020, just as the world was entering a 
pandemic of historical proportions.  
 
The pandemic and ensuing stay-at-home orders upended the world economy, including real 
estate markets. The fallout from the pandemic has been very acute in New York City (Hughes 
2021), as well as in the greater Paris metro area (Rey-Lefebvre 2021). Many city residents with 
the means to do so decamped for the suburbs and beyond. Workers who could, worked from 
home. In the short term at least, demand for housing slackened and prices and rents declined too. 
Will workers, tourists, and residents return and bring New York City and Paris back as 
“superstar cities?” Or will businesses, having learned how to function remotely, reduce their 
footprint in urban areas like New York, creating a ripple effect that translates into fewer residents 
and less demand for housing in New York City in general?  
 
Our bet is on the former, at least in the long run. For the purposes of understanding how MIH or 
TVA ANRU impacts local housing markets, however, it will become increasingly difficult to 
disentangle any impacts due to these programs from larger trends being driven by the pandemic. 
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Conclusion 
 
This investigation began as an attempt to gauge how inclusionary zoning (IZ) impacts 
surrounding neighborhoods. IZ, which has emerged as a way to tap the dynamism and riches of 
the private real estate market for social ends, has often been received coolly or even resisted by 
the very communities such zoning putatively helps. In both New York City and the greater Paris 
metro region, two global cities beset by severe housing affordability crises, IZ has sparked 
intense opposition. Critics, referred to by some as “supply skeptics”, point to the signal that new 
market-rate housing—which is part of any IZ effort—sends to would-be investors, homebuyers, 
and prospective renters that the area is on the upswing and the next “it” place. This signal would 
increase the demand for living space in the area, raising both rents and housing prices. 
 
The extent to which new developments lead to increased housing prices and rents is of course 
predicated on IZ successfully incentivizing new developments in the first place. Both NYC’s 
MIH program and Paris’s TVA ANRU program were distinctive in that the provision of 
affordable housing was mandatory. It is thus possible that little new development would occur. 
This is a possibility that has heretofore not been tested extensively. 
 
Our results suggest good news for supporters of affordable housing, albeit with caution. First, the 
good news. Most of our evidence does not support the notion that IZ leads to rising housing 
costs. In NYC we did not see any evidence of increasing sales prices or rents. This result is 
consistent with what standard economic theory would predict: increased housing supply should 
lower, not raise housing prices. In Paris the results were mixed. IZ-zone sales prices actually 
declined by one measure, while rental values increased by another. We interpret these mixed 
results as meaning the change in housing costs were not especially robust. 
 
The evidence on the effectiveness of IZ for incentivizing new development is more consistent. 
The results for NYC and Paris show it incentivizing new development. The rate of permitting 
increased substantially more quickly in the MIH zones than in their corresponding buffer zones. 
A similar pattern was found in Paris. This finding should be reassuring to policy makers, as the 
success of the MIH program in incentivizing new development demonstrates the feasibility of 
mandating affordable housing in inclusionary zones, without discouraging developer 
participation.  
 
Paris results also showed evidence of the incentives sparking new development in IZ zones. This 
outcome suggests that incentives offered by the greater Paris metro region TVA ANRU program 
are enticing new development. But it may also be explained by those IZ zones being located in 
epicenter Grand Paris Express neighborhoods adjacent to future transit stops, where most of the 
future anticipated development in the metro region is likely to happen over the next 15 years, as 
is evidenced for instance by the spur in new development in preparation for the 2024 Olympics.  

 
Finally, while our results fail to find consistent, robust evidence of IZ causing increases to 
housing costs, it is possible that specific instances of housing costs rising in the wake of IZ are a 
probability. That is, there may be specific neighborhoods that witness an increase in housing 
costs after IZ has been adopted. But our results indicate such instances will be rare and the 
exceptions that prove the rule. 
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Appendix 
 
Figure A1. Analytical Approach  
 
Comparative matrix with the geographic location of inclusionary zoning programs implemented 
in the New York and greater Paris metropolitan regions. The upper row presents the New York-
based MIH inclusionary zoning program. The lower row presents the greater Paris metro region 
TVA ANRU program: 

 
Source: Authors 
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New York Results 
 
 

Table A1. New Building Permit Regressions 

  
After MIH implemented 
0,1 

 
# quarters until MIH 

adopted 

MIH 1.573 1.808 

 (6.84)** (8.52)** 

After MIH adoption -0.007  

 (0.10)  

MIH *After MIH adoption 
Interaction 

0.423  

 (3.49)**  

Quarters until MIH adoption  0.018 

  (1.19) 

MIH*Quarters until MIH adoption  0.037 

  (4.50)** 

_cons -15.320 -14.882 

 (58.09)** (39.61)** 

N 2,150 2,150 

 
 
 

* p<0.05; ** p<0.01 
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Table A2. Significance Tests of Predicting # Permits After MIH Adoption 
 
Contrasts of predictive margins                 Number of obs     =      2,150 
Model VCE    : OIM 
Expression   : Predicted number of events (assuming u_i=0), predict(nu0) 
over         : After adoption 
 

   df  chi2  P>chi2 

MIH *After MIH 
adoption Interaction 

1    11.280     0.001 

 

 
 
 
 

   Delta-method  

   Contrast  Std.Err.  [95%Conf.  Interval] 

MIH *After MIH adoption 
Interaction 

 

(1 vs 0) (MIH zone 
vs Buffer zone)   

    5.498     1.637     2.289     8.706 

 

 
 
 
 
 
Table A3. Significance Tests of Predicting # Permits Quarters Until MIH Adoption 
 
Contrasts of predictive margins                 Number of obs     =      2,150 
Model VCE    : OIM 
Expression   : Predicted number of events (assuming u_i=0), predict(nu0) 
1._at        : quarters to MIH adoption    =         -12 
2._at        : quarters to MIH adoption    =         -11 
3._at        : quarters to MIH adoption    =         -10 
4._at        : quarters to MIH adoption    =          -9 
5._at        : quarters to MIH adoption    =          -8 
6._at        : quarters to MIH adoption    =          -7 
7._at        : quarters to MIH adoption    =          -6 
8._at        : quarters to MIH adoption    =          -5 
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9._at        : quarters to MIH adoption   =          -4 
10._at       : quarters to MIH adoption    =          -3 
11._at       : quarters to MIH adoption   =          -2 
12._at       : quarters to MIH adoption    =          -1 
13._at       : quarters to MIH adoption    =           0 
14._at       : quarters to MIH adoption    =           1 
15._at       : quarters to MIH adoption    =           2 
16._at       : quarters to MIH adoption    =           3 
17._at       : quarters to MIH adoption    =           4 
18._at       : quarters to MIH adoption    =           5 
19._at       : quarters to MIH adoption    =           6 
20._at       : quarters to MIH adoption    =           7 
21._at       : quarters to MIH adoption    =           8 
22._at       : quarters to MIH adoption    =           9 
23._at       : quarters to MIH adoption    =          10 
24._at       : quarters to MIH adoption    =          11 
25._at       : quarters to MIH adoption    =          12 
26._at       : quarters to MIH adoption    =          13 
27._at       : quarters to MIH adoption    =          14 
28._at       : quarters to MIH adoption    =          15 
29._at       : quarters to MIH adoption    =          16 
 

   df  chi2  P>chi2 

_at#MIH   

(2 vs 1) (MIH zone vs 
Buffer)   

1    18.550     0.000 

(3 vs 1) (MIH zone vs 
Buffer)   

1    18.070     0.000 

(4 vs 1) (MIH zone vs 
Buffer)   

1    17.560     0.000 

(5 vs 1) (MIH zone vs 
Buffer)   

1    17.020     0.000 

(6 vs 1) (MIH zone vs 
Buffer)   

1    16.450     0.000 

(7 vs 1) (MIH zone vs 
Buffer)   

1    15.850     0.000 

(8 vs 1) (MIH zone vs 
Buffer)   

1    15.250     0.000 
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(9 vs 1) (MIH zone vs 
Buffer)   

1    14.630     0.000 

(10 vs 1) (MIH zone vs 
Buffer)   

1    14.020     0.000 

(11 vs 1) (MIH zone vs 
Buffer)   

1    13.410     0.000 

(12 vs 1) (MIH zone vs 
Buffer)   

1    12.800     0.000 

(13 vs 1) (MIH zone vs 
Buffer)   

1    12.210     0.001 

(14 vs 1) (MIH zone vs 
Buffer)   

1    11.630     0.001 

(15 vs 1) (MIH zone vs 
Buffer)   

1    11.070     0.001 

(16 vs 1) (MIH zone vs 
Buffer)   

1    10.520     0.001 

(17 vs 1) (MIH zone vs 
Buffer)   

1    10.000     0.002 

(18 vs 1) (MIH zone vs 
Buffer)   

1     9.500     0.002 

(19 vs 1) (MIH zone vs 
Buffer)   

1     9.020     0.003 

(20 vs 1) (MIH zone vs 
Buffer)   

1     8.560     0.003 

(21 vs 1) (MIH zone vs 
Buffer)   

1     8.120     0.004 

(22 vs 1) (MIH zone vs 
Buffer)   

1     7.710     0.005 

(23 vs 1) (MIH zone vs 
Buffer)   

1     7.320     0.007 

(24 vs 1) (MIH zone vs 
Buffer)   

1     6.940     0.008 
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(25 vs 1) (MIH zone vs 
Buffer)   

1     6.590     0.010 

(26 vs 1) (MIH zone vs 
Buffer)   

1     6.260     0.012 

(27 vs 1) (MIH zone vs 
Buffer)   

1     5.950     0.015 

(28 vs 1) (MIH zone vs 
Buffer)   

1     5.650     0.017 

(29 vs 1) (MIH zone vs 
Buffer)   

1     5.370     0.021 

Joint   4   295.220     0.000 

 

 
 
 
 

   Delta-method  

   Contrast  Std.Err.  [95%Conf.  Interval] 

_at#MIH   

(2 vs 1) (MIH zone 
vs Buffer)   

    0.385     0.089     0.210     0.560 

(3 vs 1) (MIH zone 
vs Buffer)   

    0.793     0.186     0.427     1.158 

(4 vs 1) (MIH zone 
vs Buffer)   

    1.225     0.292     0.652     1.798 

(5 vs 1) (MIH zone 
vs Buffer)   

    1.684     0.408     0.884     2.483 

(6 vs 1) (MIH zone 
vs Buffer)   

    2.170     0.535     1.121     3.218 

(7 vs 1) (MIH zone 
vs Buffer)   

    2.685     0.674     1.363     4.006 

(8 vs 1) (MIH zone 
vs Buffer)   

    3.231     0.827     1.609     4.853 



 

71 

(9 vs 1) (MIH zone 
vs Buffer)   

    3.809     0.996     1.858     5.761 

(10 vs 1) (MIH 
zone vs Buffer)   

    4.423     1.181     2.108     6.738 

(11 vs 1) (MIH 
zone vs Buffer)   

    5.072     1.385     2.357     7.787 

(12 vs 1) (MIH 
zone vs Buffer)   

    5.760     1.610     2.605     8.916 

(13 vs 1) (MIH 
zone vs Buffer)   

    6.489     1.857     2.849    10.129 

(14 vs 1) (MIH 
zone vs Buffer)   

    7.261     2.129     3.088    11.435 

(15 vs 1) (MIH 
zone vs Buffer)   

    8.079     2.429     3.319    12.839 

(16 vs 1) (MIH 
zone vs Buffer)   

    8.945     2.758     3.540    14.350 

(17 vs 1) (MIH 
zone vs Buffer)   

    9.862     3.119     3.749    15.975 

(18 vs 1) (MIH 
zone vs Buffer)   

   10.833     3.515     3.943    17.723 

(19 vs 1) (MIH 
zone vs Buffer)   

   11.861     3.950     4.119    19.603 

(20 vs 1) (MIH 
zone vs Buffer)   

   12.950     4.426     4.274    21.626 

(21 vs 1) (MIH 
zone vs Buffer)   

   14.102     4.948     4.404    23.800 

(22 vs 1) (MIH 
zone vs Buffer)   

   15.322     5.519     4.506    26.139 

(23 vs 1) (MIH 
zone vs Buffer)   

   16.614     6.142     4.575    28.652 

(24 vs 1) (MIH 
zone vs Buffer)   

   17.981     6.823     4.607    31.354 
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(25 vs 1) (MIH 
zone vs Buffer)   

   19.428     7.566     4.598    34.257 

(26 vs 1) (MIH 
zone vs Buffer)   

   20.959     8.377     4.541    37.377 

(27 vs 1) (MIH 
zone vs Buffer)   

   22.579     9.259     4.432    40.727 

(28 vs 1) (MIH 
zone vs Buffer)   

   24.294    10.220     4.263    44.326 

(29 vs 1) (MIH 
zone vs Buffer)   

   26.109    11.265     4.029    48.189 

 

 
 
 
 
Table A4. Sales Price Regression Model 
 

 SALEPRICE SALEPRICE 

Year Built 3,911.332 35,822.859 

 (2.67)** (2.70)** 

Single family attached -589,140.864  

 (2.63)**  

2-3 family house -638,086.592  

 (4.14)**  

Multiple Family without 
stores 

-2,258,091.225 -3,897,109.489 

 (11.51)** (0.97) 

Old law tenement, 
converted rooming house 

-3,454,591.021 -4,121,868.003 

 (10.44)** (1.00) 

Walkup COOP and rentals -4,311,311.154 -6,042,506.164 

 (13.11)** (1.48) 
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Garden Apartments & 1 
mobile unit 

2,910,719.257 19,997,621.250 

 (2.69)** (2.91)** 

Elevator buildings -5,296,044.276 -7,226,367.419 

 (15.21)** (1.77) 

Mixed use buildings -1,297,907.718 -2,282,814.626 

 (6.07)** (0.56) 

Zoned residential units -649,376.372 6,016,775.621 

 (0.48) (0.44) 

Land area -401.071 -518.323 

 (44.31)** (20.98)** 

Total units 383,825.964 442,374.556 

 (114.76)** (48.96)** 

Garage in building -2,440,642.831 -5,795,215.592 

 (2.68)** (2.57)* 

1.after_IZ 1,474,188.720  

 (5.72)**  

MIH -286,784.379 -1,457,157.769 

 (1.19) (0.69) 

After_IZ 45,523.791  

 (0.03)  

MIH *After_IZ Interaction  -44,979.248 

  (0.32) 

Quarters until IZ adoption  63,261.666 

  (0.29) 

_cons 5,872,151.477 -78,000,461.143 

 (1.56) (3.01)** 
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R2 0.60 0.64 

N 17,350 2,664 

 
 
 

* p<0.05; ** p<0.01 
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Table A5. Significance Tests for Predicting Sales Prices MIH * After MIH Adoption  
 
Contrasts of predictive margins                 Number of obs     =     16,492 
Model VCE    : OLS 
Expression   : Linear prediction, predict() 
over         : After MIH adoption 
 

   df  F  P>F 

MIH zone *After MIH 
adoption Interaction 

1     0.050     0.823 

  

Denominator  16362  

  
 
 
 
 

   Delta-method  

   Contrast  Std.Err.  [95%Conf.  Interval] 

MIH zone *After MIH 
adoption Interaction 

 

(1 vs 0) (1 vs 0)   -2.85e+05 1268233 -2770385 2201366 

 
 
 
 
 
 
Table A6. Significance Tests for Predicting Sales Prices MIH *Quarters until MIH 
adoption Interaction 
 
Contrasts of predictive margins                 Number of obs     =      1,806 
Model VCE    : OLS 
Expression   : Linear prediction, predict() 
1._at        : quarters to MIH    =         -24 
2._at        : quarters to MIH    =         -23 
3._at        : quarters to MIH    =         -22 
4._at        : quarters to MIH    =         -21 
5._at        : quarters to MIH    =         -20 
6._at        : quarters to MIH    =         -19 
7._at        : quarters to MIH    =         -18 
8._at        : quarters to MIH    =         -17 
9._at        : quarters to MIH    =         -16 
10._at       : quarters to MIH   =         -15 
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11._at       : quarters to MIH    =         -14 
12._at       : quarters to MIH    =         -13 
13._at       : quarters to MIH   =         -12 
14._at       : quarters to MIH    =         -11 
15._at       : quarters to MIH    =         -10 
16._at       : quarters to MIH    =          -9 
17._at       : quarters to MIH    =          -8 
18._at       : quarters to MIH    =          -7 
19._at       : quarters to MIH    =          -6 
20._at       : quarters to MIH    =          -5 
21._at       : quarters to MIH    =          -4 
22._at       : quarters to MIH    =          -3 
23._at       : quarters to MIH    =          -2 
24._at       : quarters to MIH    =          -1 
25._at       : quarters to MIH    =           0 
26._at       : quarters to MIH    =           1 
27._at       : quarters to MIH    =           2 
28._at       : quarters to MIH   =           3 
29._at       : quarters to MIH    =           4 
30._at       : quarters to MIH    =           5 
31._at       : quarters to MIH    =           6 
32._at       : quarters to MIH    =           7 
33._at       : quarters to MIH    =           8 
34._at       : quarters to MIH    =           9 
35._at       : quarters to MIH    =          10 
36._at       : quarters to MIH    =          11 
37._at       : quarters to MIH    =          12 
38._at       : quarters to MIH    =          13 
39._at       : quarters to MIH    =          14 
 

   df  F  P>F 

_at#MIH   

(2 vs 1) (1 vs 0)   1     0.040     0.834 

(3 vs 1) (1 vs 0)   1     0.040     0.834 

(4 vs 1) (1 vs 0)   1     0.040     0.834 

(5 vs 1) (1 vs 0)   1     0.040     0.834 

(6 vs 1) (1 vs 0)   1     0.040     0.834 

(7 vs 1) (1 vs 0)   1     0.040     0.834 

(8 vs 1) (1 vs 0)   1     0.040     0.834 

(9 vs 1) (1 vs 0)   1     0.040     0.834 

(10 vs 1) (1 vs 0)   1     0.040     0.834 

(11 vs 1) (1 vs 0)   1     0.040     0.834 

(12 vs 1) (1 vs 0)   1     0.040     0.834 

(13 vs 1) (1 vs 0)   1     0.040     0.834 
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(14 vs 1) (1 vs 0)   1     0.040     0.834 

(15 vs 1) (1 vs 0)   1     0.040     0.834 

(16 vs 1) (1 vs 0)   1     0.040     0.834 

(17 vs 1) (1 vs 0)   1     0.040     0.834 

(18 vs 1) (1 vs 0)   1     0.040     0.834 

(19 vs 1) (1 vs 0)   1     0.040     0.834 

(20 vs 1) (1 vs 0)   1     0.040     0.834 

(21 vs 1) (1 vs 0)   1     0.040     0.834 

(22 vs 1) (1 vs 0)   1     0.040     0.834 

(23 vs 1) (1 vs 0)   1     0.040     0.834 

(24 vs 1) (1 vs 0)   1     0.040     0.834 

(25 vs 1) (1 vs 0)   1     0.040     0.834 

(26 vs 1) (1 vs 0)   1     0.040     0.834 

(27 vs 1) (1 vs 0)   1     0.040     0.834 

(28 vs 1) (1 vs 0)   1     0.040     0.834 

(29 vs 1) (1 vs 0)   1     0.040     0.834 

(30 vs 1) (1 vs 0)   1     0.040     0.834 

(31 vs 1) (1 vs 0)   1     0.040     0.834 

(32 vs 1) (1 vs 0)   1     0.040     0.834 

(33 vs 1) (1 vs 0)   1     0.040     0.834 

(34 vs 1) (1 vs 0)   1     0.040     0.834 

(35 vs 1) (1 vs 0)   1     0.040     0.834 

(36 vs 1) (1 vs 0)   1     0.040     0.834 

(37 vs 1) (1 vs 0)   1     0.040     0.834 

(38 vs 1) (1 vs 0)   1     0.040     0.834 

(39 vs 1) (1 vs 0)   1     0.040     0.834 

Joint   1     0.040     0.834 

  

Denominator  1687  
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   Delta-method  

   Contrast  Std.Err.  [95%Conf.  Interval] 

_at#MIH   

(2 vs 1) (1 vs 0)   64540.030  3.07e+05 -5.38e+05  6.67e+05 

(3 vs 1) (1 vs 0)    1.29e+05  6.14e+05 -1075975 1334136 

(4 vs 1) (1 vs 0)    1.94e+05  9.22e+05 -1613963 2001203 

(5 vs 1) (1 vs 0)    2.58e+05 1228789 -2151951 2668271 

(6 vs 1) (1 vs 0)    3.23e+05 1535986 -2689939 3335339 

(7 vs 1) (1 vs 0)    3.87e+05 1843183 -3227926 4002407 

(8 vs 1) (1 vs 0)    4.52e+05 2150380 -3765914 4669474 

(9 vs 1) (1 vs 0)    5.16e+05 2457578 -4303902 5336542 

(10 vs 1) (1 vs 0)    5.81e+05 2764775 -4841889 6003610 

(11 vs 1) (1 vs 0)    6.45e+05 3071972 -5379877 6670678 

(12 vs 1) (1 vs 0)    7.10e+05 3379169 -5917865 7337746 

(13 vs 1) (1 vs 0)    7.74e+05 3686366 -6455853 8004813 

(14 vs 1) (1 vs 0)    8.39e+05 3993564 -6993840 8671881 

(15 vs 1) (1 vs 0)    9.04e+05 4300761 -7531828 9338949 

(16 vs 1) (1 vs 0)    9.68e+05 4607958 -8069816  1.00e+07 

(17 vs 1) (1 vs 0)   1032641 4915155 -8607803  1.07e+07 

(18 vs 1) (1 vs 0)   1097181 5222353 -9145791  1.13e+07 

(19 vs 1) (1 vs 0)   1161721 5529550 -9683779  1.20e+07 

(20 vs 1) (1 vs 0)   1226261 5836747 -1.02e+07  1.27e+07 

(21 vs 1) (1 vs 0)   1290801 6143944 -1.08e+07  1.33e+07 

(22 vs 1) (1 vs 0)   1355341 6451141 -1.13e+07  1.40e+07 

(23 vs 1) (1 vs 0)   1419881 6758339 -1.18e+07  1.47e+07 

(24 vs 1) (1 vs 0)   1484421 7065536 -1.24e+07  1.53e+07 
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(25 vs 1) (1 vs 0)   1548961 7372733 -1.29e+07  1.60e+07 

(26 vs 1) (1 vs 0)   1613501 7679930 -1.34e+07  1.67e+07 

(27 vs 1) (1 vs 0)   1678041 7987127 -1.40e+07  1.73e+07 

(28 vs 1) (1 vs 0)   1742581 8294325 -1.45e+07  1.80e+07 

(29 vs 1) (1 vs 0)   1807121 8601522 -1.51e+07  1.87e+07 

(30 vs 1) (1 vs 0)   1871661 8908719 -1.56e+07  1.93e+07 

(31 vs 1) (1 vs 0)   1936201 9215916 -1.61e+07  2.00e+07 

(32 vs 1) (1 vs 0)   2000741 9523113 -1.67e+07  2.07e+07 

(33 vs 1) (1 vs 0)   2065281 9830311 -1.72e+07  2.13e+07 

(34 vs 1) (1 vs 0)   2129821  1.01e+07 -1.78e+07  2.20e+07 

(35 vs 1) (1 vs 0)   2194361  1.04e+07 -1.83e+07  2.27e+07 

(36 vs 1) (1 vs 0)   2258901  1.08e+07 -1.88e+07  2.33e+07 

(37 vs 1) (1 vs 0)   2323441  1.11e+07 -1.94e+07  2.40e+07 

(38 vs 1) (1 vs 0)   2387981  1.14e+07 -1.99e+07  2.47e+07 

(39 vs 1) (1 vs 0)   2452521  1.17e+07 -2.04e+07  2.53e+07 
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RENTS 
 

Table A7. Rent Regression Model 

  
After MIH 
implemented 0,1 

 
# quarters until 
MIH adopted 

2012 17,036.546 14,624.284 

 (2.13)* (1.08) 

2013 39,267.884 34,133.470 

 (4.93)** (1.47) 

2014 69,877.483 61,879.682 

 (8.84)** (1.84) 

2015 89,313.193 78,486.718 

 (11.30)** (1.77) 

2016 106,687.268 93,913.638 

 (13.39)** (1.70) 

2017 131,352.783 119,317.155 

 (14.23)** (1.80) 

2018 133,003.579 123,336.172 

 (12.18)** (1.60) 

After MIH adoption 11,189.165  

 (1.30)  

MIH zones -7,169.620 8,137.378 

 (0.06) (0.06) 

MIH zones *After MIH adoption 
Interaction 

17,965.622  

 (0.58)  
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Quarters until MIH adoption  7.527 

  (0.25) 

MIH*Quarters until MIH adoption  12.684 

MIH  (0.85) 

_cons 407,007.218 423,805.619 

 (59.59)** (6.22)** 

R2 0.01 0.01 

N 57,978 57,978 
 
 
 

* p<0.05; ** p<0.01 
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Table A8. Significance Tests Predicting Rent After MIH Adoption 
 
Contrasts of predictive margins                 Number of obs     =     57,978 
Model VCE    : Conventional 
Expression   : Linear prediction, predict() 
over         : After MIH adoption 

   df  chi2  P>chi2 

MIH zones *After MIH 
adoption Interaction 

1     0.340     0.559 

 
 
 
 
 

   Delta-method  

   Contrast  Std.Err.  [95%Conf.  Interval] 

MIH zones * After MIH adoption   

(1 vs 0) (1 vs 0)   17965.620 30766.900 -4.23e+04 78267.630 

 
 
 
 
 
  
  



 

84 

 
Table A9. Significance Tests Predicting Rent Quarters Until MIH Adoption 
 
Contrasts of predictive margins                 Number of obs     =     57,978 
Model VCE    : Conventional 
Expression   : Linear prediction, predict() 
1._at        : days to MIH      =       -2412 
2._at        : days to MIH      =       -2212 
3._at        : days to MIH      =       -2012 
4._at        : days to MIH      =       -1812 
5._at        : days to MIH      =       -1612 
6._at        : days to MIH      =       -1412 
7._at        : days to MIH      =       -1212 
8._at        : days to MIH      =       -1012 
9._at        : days to MIH      =        -812 
10._at       : days to MIH     =        -612 
11._at       : days to MIH      =        -412 
12._at       : days to MIH      =        -212 
13._at       : days to MIH      =         -12 
14._at       : days to MIH      =         188 
15._at       : days to MIH      =         388 
16._at       : days to MIH      =         588 
17._at       : days to MIH      =         788 
 

   df  chi2  P>chi2 

_at#MIH   

(2 vs 1) (1 vs 0)   1     0.720     0.397 

(3 vs 1) (1 vs 0)   1     0.720     0.397 

(4 vs 1) (1 vs 0)   1     0.720     0.397 

(5 vs 1) (1 vs 0)   1     0.720     0.397 

(6 vs 1) (1 vs 0)   1     0.720     0.397 

(7 vs 1) (1 vs 0)   1     0.720     0.397 

(8 vs 1) (1 vs 0)   1     0.720     0.397 

(9 vs 1) (1 vs 0)   1     0.720     0.397 

(10 vs 1) (1 vs 0)   1     0.720     0.397 

(11 vs 1) (1 vs 0)   1     0.720     0.397 

(12 vs 1) (1 vs 0)   1     0.720     0.397 

(13 vs 1) (1 vs 0)   1     0.720     0.397 

(14 vs 1) (1 vs 0)   1     0.720     0.397 

(15 vs 1) (1 vs 0)   1     0.720     0.397 

(16 vs 1) (1 vs 0)   1     0.720     0.397 
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(17 vs 1) (1 vs 0)   1     0.720     0.397 

Joint   1     0.720     0.397 

 
 
 
 
 

   Delta-method  

   Contrast  Std.Err.  [95%Conf.  Interval] 

_at#MIH   

(2 vs 1) (1 vs 0)    2536.853  2995.007 -3333.253  8406.959 

(3 vs 1) (1 vs 0)    5073.706  5990.014 -6666.506 16813.920 

(4 vs 1) (1 vs 0)    7610.559  8985.021 -9999.758 25220.880 

(5 vs 1) (1 vs 0)   10147.410 11980.030 -1.33e+04 33627.830 

(6 vs 1) (1 vs 0)   12684.260 14975.030 -1.67e+04 42034.790 

(7 vs 1) (1 vs 0)   15221.120 17970.040 -2.00e+04 50441.750 

(8 vs 1) (1 vs 0)   17757.970 20965.050 -2.33e+04 58848.710 

(9 vs 1) (1 vs 0)   20294.820 23960.060 -2.67e+04 67255.670 

(10 vs 1) (1 vs 0)   22831.680 26955.060 -3.00e+04 75662.630 

(11 vs 1) (1 vs 0)   25368.530 29950.070 -3.33e+04 84069.590 

(12 vs 1) (1 vs 0)   27905.380 32945.080 -3.67e+04 92476.540 

(13 vs 1) (1 vs 0)   30442.230 35940.080 -4.00e+04  1.01e+05 

(14 vs 1) (1 vs 0)   32979.090 38935.090 -4.33e+04  1.09e+05 

(15 vs 1) (1 vs 0)   35515.940 41930.100 -4.67e+04  1.18e+05 

(16 vs 1) (1 vs 0)   38052.790 44925.100 -5.00e+04  1.26e+05 

(17 vs 1) (1 vs 0)   40589.650 47920.110 -5.33e+04  1.35e+05 
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Paris Results 
 

Table A10. Paris New Building Permit Regressions  

  
After IZ 
implemented 0,1 

 
# quarters until IZ 

adopted 

Total Area 0.018 0.018 

 (0.001)** (0.001)** 

Number of social housing units -0.261 -0.259 

 (0.061)** (0.062)** 

Inclusionary Zone -4.384 -4.429 

 (1.312)** (1.530)** 

After IZ Implementation -1.287  

 (1.999)**  

Inclusionary Zone * After IZ Implementation 3.344  

 (2.67)  

Quarters until IZ Implemented  0.054 

  (0.040) 

Inclusionary Zone * Quarters until IZ 
Implemented 

 -0.044 

  (0.052) 

_cons 3.337 4.081 

 (1.193)** (1.337)** 

N 422 422 

R2 0.838 0.841 

 
* p<0.05; ** p<0.01 
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Table A11. Significance Tests of Predicting # Permits After IZ Adoption in Paris 
  
Contrasts of predictive margins                 Number of obs     =       422 
Model VCE    : OIM 
Expression   : Predicted number of events (assuming u_i=0), predict(nu0) 
over         : After IZ Implementation 
 

   df  chi2  P>chi2 

After IZ implementation * IZ 
zone  

1     1.570     0.210 

 
 
 
 
 

   Delta-method  

   Contrast  Std.Err.  [95%Conf.  Interval] 

After IZ implementation  
* IZ zone  

 

(1 vs 0) (1 vs 0)     3.344     2.670    -1.890     8.578 

 
 
 
 
  
 
 
Table A12. Significance Tests of Predicting # Permits Quarters Until IZ Adoption in Paris 
 
Contrasts of predictive margins                 Number of obs     =        422 
Model VCE    : Conventional 
Expression   : Linear prediction, predict() 
1._at        : quarters_t~z    =         -51 
2._at        : quarters_t~z    =         -50 
3._at        : quarters_t~z    =         -49 
4._at        : quarters_t~z    =         -48 
5._at        : quarters_t~z    =         -47 
6._at        : quarters_t~z    =         -46 
7._at        : quarters_t~z    =         -45 
8._at        : quarters_t~z    =         -44 
9._at        : quarters_t~z    =         -43 
10._at       : quarters_t~z    =         -42 
11._at       : quarters_t~z    =         -41 
12._at       : quarters_t~z    =         -40 
13._at       : quarters_t~z    =         -39 
14._at       : quarters_t~z    =         -38 
15._at       : quarters_t~z    =         -37 
16._at       : quarters_t~z    =         -36 
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17._at       : quarters_t~z    =         -35 
18._at       : quarters_t~z    =         -34 
19._at       : quarters_t~z    =         -33 
20._at       : quarters_t~z    =         -32 
21._at       : quarters_t~z    =         -31 
22._at       : quarters_t~z    =         -30 
23._at       : quarters_t~z    =         -29 
24._at       : quarters_t~z    =         -28 
25._at       : quarters_t~z    =         -27 
26._at       : quarters_t~z    =         -26 
27._at       : quarters_t~z    =         -25 
28._at       : quarters_t~z    =         -24 
29._at       : quarters_t~z    =         -23 
30._at       : quarters_t~z    =         -22 
31._at       : quarters_t~z    =         -21 
32._at       : quarters_t~z    =         -20 
33._at       : quarters_t~z    =         -19 
34._at       : quarters_t~z    =         -18 
35._at       : quarters_t~z    =         -17 
36._at       : quarters_t~z    =         -16 
37._at       : quarters_t~z    =         -15 
38._at       : quarters_t~z    =         -14 
39._at       : quarters_t~z    =         -13 
40._at       : quarters_t~z    =         -12 
41._at       : quarters_t~z    =         -11 
42._at       : quarters_t~z    =         -10 
43._at       : quarters_t~z    =          -9 
44._at       : quarters_t~z    =          -8 
45._at       : quarters_t~z    =          -7 
46._at       : quarters_t~z    =          -6 
47._at       : quarters_t~z    =          -5 
48._at       : quarters_t~z    =          -4 
49._at       : quarters_t~z    =          -3 
50._at       : quarters_t~z    =          -2 
51._at       : quarters_t~z    =          -1 
52._at       : quarters_t~z    =           0 
53._at       : quarters_t~z    =           1 
54._at       : quarters_t~z    =           2 
55._at       : quarters_t~z    =           3 
56._at       : quarters_t~z    =           4 
57._at       : quarters_t~z    =           5 
58._at       : quarters_t~z    =           6 
59._at       : quarters_t~z    =           7 
60._at       : quarters_t~z    =           8 
61._at       : quarters_t~z    =           9 
62._at       : quarters_t~z    =          10 
63._at       : quarters_t~z    =          11 
64._at       : quarters_t~z    =          12 
65._at       : quarters_t~z    =          13 
66._at       : quarters_t~z    =          14 
67._at       : quarters_t~z    =          15 
68._at       : quarters_t~z    =          16 
69._at       : quarters_t~z    =          17 
 

 df chi2 P>chi2 
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_at#type_zone    

(2 vs 1) (1 vs 0) 1 0.710 0.398 

(3 vs 1) (1 vs 0) 1 0.710 0.398 

(4 vs 1) (1 vs 0) 1 0.710 0.398 

(5 vs 1) (1 vs 0) 1 0.710 0.398 

(6 vs 1) (1 vs 0) 1 0.710 0.398 

(7 vs 1) (1 vs 0) 1 0.710 0.398 

(8 vs 1) (1 vs 0) 1 0.710 0.398 

(9 vs 1) (1 vs 0) 1 0.710 0.398 

(10 vs 1) (1 vs 0) 1 0.710 0.398 

(11 vs 1) (1 vs 0) 1 0.710 0.398 

(12 vs 1) (1 vs 0) 1 0.710 0.398 

(13 vs 1) (1 vs 0) 1 0.710 0.398 

(14 vs 1) (1 vs 0) 1 0.710 0.398 

(15 vs 1) (1 vs 0) 1 0.710 0.398 

(16 vs 1) (1 vs 0) 1 0.710 0.398 

(17 vs 1) (1 vs 0) 1 0.710 0.398 

(18 vs 1) (1 vs 0) 1 0.710 0.398 

(19 vs 1) (1 vs 0) 1 0.710 0.398 

(20 vs 1) (1 vs 0) 1 0.710 0.398 

(21 vs 1) (1 vs 0) 1 0.710 0.398 

(22 vs 1) (1 vs 0) 1 0.710 0.398 

(23 vs 1) (1 vs 0) 1 0.710 0.398 

(24 vs 1) (1 vs 0) 1 0.710 0.398 

(25 vs 1) (1 vs 0) 1 0.710 0.398 

(26 vs 1) (1 vs 0) 1 0.710 0.398 

(27 vs 1) (1 vs 0) 1 0.710 0.398 

(28 vs 1) (1 vs 0) 1 0.710 0.398 
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(29 vs 1) (1 vs 0) 1 0.710 0.398 

(30 vs 1) (1 vs 0) 1 0.710 0.398 

(31 vs 1) (1 vs 0) 1 0.710 0.398 

(32 vs 1) (1 vs 0) 1 0.710 0.398 

(33 vs 1) (1 vs 0) 1 0.710 0.398 

(34 vs 1) (1 vs 0) 1 0.710 0.398 

(35 vs 1) (1 vs 0) 1 0.710 0.398 

(36 vs 1) (1 vs 0) 1 0.710 0.398 

(37 vs 1) (1 vs 0) 1 0.710 0.398 

(38 vs 1) (1 vs 0) 1 0.710 0.398 

(39 vs 1) (1 vs 0) 1 0.710 0.398 

(40 vs 1) (1 vs 0) 1 0.710 0.398 

(41 vs 1) (1 vs 0) 1 0.710 0.398 

(42 vs 1) (1 vs 0) 1 0.710 0.398 

(43 vs 1) (1 vs 0) 1 0.710 0.398 

(44 vs 1) (1 vs 0) 1 0.710 0.398 

(45 vs 1) (1 vs 0) 1 0.710 0.398 

(46 vs 1) (1 vs 0) 1 0.710 0.398 

(47 vs 1) (1 vs 0) 1 0.710 0.398 

(48 vs 1) (1 vs 0) 1 0.710 0.398 

(49 vs 1) (1 vs 0) 1 0.710 0.398 

(50 vs 1) (1 vs 0) 1 0.710 0.398 

(51 vs 1) (1 vs 0) 1 0.710 0.398 

(52 vs 1) (1 vs 0) 1 0.710 0.398 

(53 vs 1) (1 vs 0) 1 0.710 0.398 

(54 vs 1) (1 vs 0) 1 0.710 0.398 

(55 vs 1) (1 vs 0) 1 0.710 0.398 

(56 vs 1) (1 vs 0) 1 0.710 0.398 
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(57 vs 1) (1 vs 0) 1 0.710 0.398 

(58 vs 1) (1 vs 0) 1 0.710 0.398 

(59 vs 1) (1 vs 0) 1 0.710 0.398 

(60 vs 1) (1 vs 0) 1 0.710 0.398 

(61 vs 1) (1 vs 0) 1 0.710 0.398 

(62 vs 1) (1 vs 0) 1 0.710 0.398 

(63 vs 1) (1 vs 0) 1 0.710 0.398 

(64 vs 1) (1 vs 0) 1 0.710 0.398 

(65 vs 1) (1 vs 0) 1 0.710 0.398 

(66 vs 1) (1 vs 0) 1 0.710 0.398 

(67 vs 1) (1 vs 0) 1 0.710 0.398 

(68 vs 1) (1 vs 0) 1 0.710 0.398 

(69 vs 1) (1 vs 0) 1 0.710 0.398 

Joint 1 0.710 0.398 
 
 
 

 

 Delta-method    

 Contrast Std.Err. [95%Conf. Interval] 

_at#type_zone     

(2 vs 1) (1 vs 0) -0.044 0.052 -0.147 0.058 

(3 vs 1) (1 vs 0) -0.089 0.105 -0.294 0.117 

(4 vs 1) (1 vs 0) -0.133 0.157 -0.441 0.175 

(5 vs 1) (1 vs 0) -0.177 0.210 -0.588 0.234 

(6 vs 1) (1 vs 0) -0.221 0.262 -0.735 0.292 

(7 vs 1) (1 vs 0) -0.266 0.314 -0.882 0.350 

(8 vs 1) (1 vs 0) -0.310 0.367 -1.029 0.409 

(9 vs 1) (1 vs 0) -0.354 0.419 -1.176 0.467 

(10 vs 1) (1 vs 0) -0.398 0.472 -1.323 0.526 
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(11 vs 1) (1 vs 0) -0.443 0.524 -1.470 0.584 

(12 vs 1) (1 vs 0) -0.487 0.576 -1.617 0.642 

(13 vs 1) (1 vs 0) -0.531 0.629 -1.764 0.701 

(14 vs 1) (1 vs 0) -0.576 0.681 -1.910 0.759 

(15 vs 1) (1 vs 0) -0.620 0.733 -2.057 0.818 

(16 vs 1) (1 vs 0) -0.664 0.786 -2.204 0.876 

(17 vs 1) (1 vs 0) -0.708 0.838 -2.351 0.934 

(18 vs 1) (1 vs 0) -0.753 0.891 -2.498 0.993 

(19 vs 1) (1 vs 0) -0.797 0.943 -2.645 1.051 

(20 vs 1) (1 vs 0) -0.841 0.995 -2.792 1.110 

(21 vs 1) (1 vs 0) -0.886 1.048 -2.939 1.168 

(22 vs 1) (1 vs 0) -0.930 1.100 -3.086 1.227 

(23 vs 1) (1 vs 0) -0.974 1.153 -3.233 1.285 

(24 vs 1) (1 vs 0) -1.018 1.205 -3.380 1.343 

(25 vs 1) (1 vs 0) -1.063 1.257 -3.527 1.402 

(26 vs 1) (1 vs 0) -1.107 1.310 -3.674 1.460 

(27 vs 1) (1 vs 0) -1.151 1.362 -3.821 1.519 

(28 vs 1) (1 vs 0) -1.195 1.415 -3.968 1.577 

(29 vs 1) (1 vs 0) -1.240 1.467 -4.115 1.635 

(30 vs 1) (1 vs 0) -1.284 1.519 -4.262 1.694 

(31 vs 1) (1 vs 0) -1.328 1.572 -4.409 1.752 

(32 vs 1) (1 vs 0) -1.373 1.624 -4.556 1.811 

(33 vs 1) (1 vs 0) -1.417 1.676 -4.703 1.869 

(34 vs 1) (1 vs 0) -1.461 1.729 -4.850 1.927 

(35 vs 1) (1 vs 0) -1.505 1.781 -4.997 1.986 

(36 vs 1) (1 vs 0) -1.550 1.834 -5.144 2.044 

(37 vs 1) (1 vs 0) -1.594 1.886 -5.291 2.103 

(38 vs 1) (1 vs 0) -1.638 1.938 -5.437 2.161 
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(39 vs 1) (1 vs 0) -1.683 1.991 -5.584 2.219 

(40 vs 1) (1 vs 0) -1.727 2.043 -5.731 2.278 

(41 vs 1) (1 vs 0) -1.771 2.096 -5.878 2.336 

(42 vs 1) (1 vs 0) -1.815 2.148 -6.025 2.395 

(43 vs 1) (1 vs 0) -1.860 2.200 -6.172 2.453 

(44 vs 1) (1 vs 0) -1.904 2.253 -6.319 2.511 

(45 vs 1) (1 vs 0) -1.948 2.305 -6.466 2.570 

(46 vs 1) (1 vs 0) -1.992 2.358 -6.613 2.628 

(47 vs 1) (1 vs 0) -2.037 2.410 -6.760 2.687 

(48 vs 1) (1 vs 0) -2.081 2.462 -6.907 2.745 

(49 vs 1) (1 vs 0) -2.125 2.515 -7.054 2.803 

(50 vs 1) (1 vs 0) -2.170 2.567 -7.201 2.862 

(51 vs 1) (1 vs 0) -2.214 2.619 -7.348 2.920 

(52 vs 1) (1 vs 0) -2.258 2.672 -7.495 2.979 

(53 vs 1) (1 vs 0) -2.302 2.724 -7.642 3.037 

(54 vs 1) (1 vs 0) -2.347 2.777 -7.789 3.095 

(55 vs 1) (1 vs 0) -2.391 2.829 -7.936 3.154 

(56 vs 1) (1 vs 0) -2.435 2.881 -8.083 3.212 

(57 vs 1) (1 vs 0) -2.480 2.934 -8.230 3.271 

(58 vs 1) (1 vs 0) -2.524 2.986 -8.377 3.329 

(59 vs 1) (1 vs 0) -2.568 3.039 -8.524 3.387 

(60 vs 1) (1 vs 0) -2.612 3.091 -8.671 3.446 

(61 vs 1) (1 vs 0) -2.657 3.143 -8.818 3.504 

(62 vs 1) (1 vs 0) -2.701 3.196 -8.964 3.563 

(63 vs 1) (1 vs 0) -2.745 3.248 -9.111 3.621 

(64 vs 1) (1 vs 0) -2.789 3.301 -9.258 3.680 

(65 vs 1) (1 vs 0) -2.834 3.353 -9.405 3.738 

(66 vs 1) (1 vs 0) -2.878 3.405 -9.552 3.796 
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(67 vs 1) (1 vs 0) -2.922 3.458 -9.699 3.855 

(68 vs 1) (1 vs 0) -2.967 3.510 -9.846 3.913 

(69 vs 1) (1 vs 0) -3.011 3.562 -9.993 3.972 
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Table A13. Paris Sales Regressions     

  After IZ Adopted 0,1 Quarters Until IZ 
Adopted 

  Sales Price (in €) Sales Price (in €) 

IZ Zone -12,384 395,002 

  (9,175) (170,315)* 

After IZ Adoption 48,888   

  (8,030)**   

IZ Zone * After IZ Adoption -23,280   

  (10,980)*   

Number of units -90,432 -90,341 

  (1,099)** (1,098)** 

Total Area 2,489 2,487 

  (15.77)** (15.76)** 

Number of parcels included in transaction 15,988.356 5,662.805 

  (19.15)** (3.94)** 

Quarters to IZ implementation   4,928 
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    (547.2)** 

1.IZ Zone * Quarters to IZ implementation   -1,858 

    (746.8)* 

_cons 236,501 -852,769 

  (6,772)** (124,809)** 

R2 0.300 0.301 

N 67,162 67,162 

 
 
 

* p<0.05; ** p<0.01 
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Table A14. Significance Tests Predicting Sales Price After IZ Adoption 
 

Contrasts of predictive margins                 Number of obs  = 67,162 
Model VCE : OLS 
Expression   : Linear prediction, predict() 
over      : After IZ implementation 
 

   df  F  P>F 

After IZ implementation * IZ 
zones 

1  4.500  0.034 

    

Denominator 67,156   

    

     

 
 
 
  
 
 

   Delta-method   

   Contrast  Std.Err.  [95%Conf.  Interval] 

After IZ implementation * IZ zones   

(After IZ vs Before IZ) 
(IZ zone vs Buffer zone)  

-2.33e+04  10,980.080 -4.48e+04  -1,759.141 
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Table A15. Significance Tests of Predicting Sales Until IZ Adoption in Paris 
 
 Contrasts of predictive margins                 Number of obs  = 67,162 
Model VCE : OLS 
Expression   : Linear prediction, predict() 
over      : Quarters to IZ implementation  
 

   df  F  P>F 

IZ zones * Quarters to IZ implementation   

(Inclusionary Zone vs Buffer 
Area) 216  

1  0.380  0.535 

(Inclusionary Zone vs Buffer 
Area) 217  

1  0.730  0.393 

(Inclusionary Zone vs Buffer 
Area) 218  

1  1.260  0.262 

(Inclusionary Zone vs Buffer 
Area) 219  

1  2.030  0.154 

(Inclusionary Zone vs Buffer 
Area) 220  

1  3.130  0.077 

(Inclusionary Zone vs Buffer 
Area) 221  

1  4.670  0.031 

(Inclusionary Zone vs Buffer 
Area) 222  

1  6.780  0.009 

(Inclusionary Zone vs Buffer 
Area) 223  

1  9.580  0.000 

(Inclusionary Zone vs Buffer 
Area) 224  

1  13.190  0.000 

(Inclusionary Zone vs Buffer 
Area) 225  

1  17.590  0.000 

(Inclusionary Zone vs Buffer 
Area) 226  

1    22.590  0.000 

(Inclusionary Zone vs Buffer 
Area) 227  

1    27.730  0.000 
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(Inclusionary Zone vs Buffer 
Area) 228  

1    32.360  0.000 

(Inclusionary Zone vs Buffer 
Area) 229  

1    35.860  0.000 

(Inclusionary Zone vs Buffer 
Area) 230  

1    37.870  0.000 

(Inclusionary Zone vs Buffer 
Area) 231  

1    38.430  0.000 

(Inclusionary Zone vs Buffer 
Area) 232  

1   37.830  0.000 

(Inclusionary Zone vs Buffer 
Area) 233  

1    36.480  0.000 

(Inclusionary Zone vs Buffer 
Area) 234  

1   34.720  0.000 

(Inclusionary Zone vs Buffer 
Area) 235  

1   32.800  0.000 

(Inclusionary Zone vs Buffer 
Area) 236  

1   30.890  0.000 

(Inclusionary Zone vs Buffer 
Area) 237  

1   29.080  0.000 

(Inclusionary Zone vs Buffer 
Area) 238  

1    27.400  0.000 

(Inclusionary Zone vs Buffer 
Area) 239  

1    25.870  0.000 

Joint  2    19.220  0.000 

    

Denominator 67,156   
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   Delta-method   

   Contrast  Std.Err.  [95%Conf.  Interval] 

IZ zones * Quarters to IZ 
implementation   

(Inclusionary 
Zone vs Buffer 
Area) 216  

  -6,364.362  10,261.810 -2.65e+04 13,748.780 

(Inclusionary 
Zone vs Buffer 
Area) 217  

 -8,222.541 9,618.253 -2.71e+04 10,629.230 

(Inclusionary 
Zone vs Buffer 
Area) 218  

-1.01e+04 8,990.667 -2.77e+04  7,540.981 

(Inclusionary 
Zone vs Buffer 
Area) 219  

-1.19e+04 8,382.643 -2.84e+04  4,491.075 

(Inclusionary 
Zone vs Buffer 
Area) 220  

-1.38e+04 7,798.757 -2.91e+04  1,488.481 

(Inclusionary 
Zone vs Buffer 
Area) 221  

-1.57e+04 7,244.849 -2.99e+04  -1,455.357 

(Inclusionary 
Zone vs Buffer 
Area) 222  

-1.75e+04  6,728.326 -3.07+04  -4,325.922 

(Inclusionary 
Zone vs Buffer 
Area) 223  

-1.94e+04  6,258.451 -3.16e+04  -7,105.056 

(Inclusionary 
Zone vs Buffer 
Area) 224  

-2.12e+04 5,846.482 -3.27e+04 -9,770.693 

(Inclusionary 
Zone vs Buffer 
Area) 225  

-2.31e+04 5,505.434 -3.39e+04 -1.23e+04 
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(Inclusionary 
Zone vs Buffer 
Area) 226  

-2.49e+04  5,249.148 -3.52e+04 -1.47e+04 

(Inclusionary 
Zone vs Buffer 
Area) 227  

-2.68e+04  5,090.444 -3.68e+04 -1.68e+04 

(Inclusionary 
Zone vs Buffer 
Area) 228  

-2.87e+04  5,038.551 -3.85e+04 -1.88e+04 

(Inclusionary 
Zone vs Buffer 
Area) 229  

-3.05e+04 5,096.731 -4.05e+04 -2.05e+04 

(Inclusionary 
Zone vs Buffer 
Area) 230  

-3.24e+04 5,261.336 -4.27e+04 -2.21e+04 

(Inclusionary 
Zone vs Buffer 
Area) 231  

-3.42e+04 5,522.857 -4.51e+04 -2.34e+04 

(Inclusionary 
Zone vs Buffer 
Area) 232  

-3.61e+04 5,868.351 -4.76e+04 -2.46e+04 

(Inclusionary 
Zone vs Buffer 
Area) 233  

-3.80e+04  6,283.984 -5.03e+04 -2.56e+04 

(Inclusionary 
Zone vs Buffer 
Area) 234  

-3.98e+04  6,756.824 -5.31e+04 -2.66e+04 

(Inclusionary 
Zone vs Buffer 
Area) 235  

-4.17e+04 7,275.726 -5.59e+04 -2.74e+04 

(Inclusionary 
Zone vs Buffer 
Area) 236  

-4.35e+04 7,831.540 -5.89e+04 -2.82e+04 

(Inclusionary 
Zone vs Buffer 
Area) 237  

-4.54e+04  8,416.956 -6.19e+04 -2.89e+04 

(Inclusionary 
Zone vs Buffer 
Area) 238  

-4.72e+04 9,026.217 -6.49e+04 -2.96e+04 

(Inclusionary 
Zone vs Buffer 
Area) 239  

-4.91e+04 9,654.809 -6.80e+04 -3.02e+04 
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RENTS 
 

Table A17. Rent Regressions 

 After IZ implemented 0,1 # days until IZ adopted 

Number of housing units 2.297 2.053 

 (0.0798)** (0.078)** 

Area Total 72.79 72.715 

 (0.139)** (0.139)** 

Year of construction 0.00406 0.007 

 (0.0230)** (0.023) 

IZ zones -86.05 -121.592 

 (11.79)** (30.111)** 

After IZ adoption -115.0  

 (51.66)*  

IZ zones *After IZ adoption 
Interaction 

311.8  

 (53.65)**  

Days until IZ adoption  0.068 

  (0.008)** 

IZ zones * Days until IZ 
adoption 

 -0.009 

  (0.008) 

_cons 346.1 577.473 

 (45.17)** (52.888)** 

R2 0.776 0.776 

N 81,587 81,587 
* p<0.05; ** p<0.01 
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Table A18. Significance Tests Predicting Rent After IZ Adoption 
 
Contrasts of predictive margins                 Number of obs     =    81,587 
Model VCE    : OLS 
Expression   : Linear prediction, predict() 
over         : After IZ adoption 
 
 

 df F P>F 

IZ zones * After IZ 
adoption Interaction 1 33.770 0.000 

IZ zones *     

Denominator 81,579   

 
 
 
 

   Delta-method  

   Contrast  Std.Err.  [95%Conf.  
Interval] 

IZ zones * After IZ 
adoption interaction 

 

(After IZ 
vs Before 
IZ) (IZ 
Zone vs 
Buffer 
Area)   

311.807 53.653 206.648 416.966 
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Table A19. Significance Tests Predicting Rent Days Until IZ Adoption 
 
Contrasts of predictive margins                 Number of obs     =     81,587 
Model VCE    : OLS 
Expression   : Linear prediction, predict() 
1._at        : days to IZ implementation      =       -4,745 
2._at        : days to IZ implementation     =       -4,655 
3._at        : days to IZ implementation      =       -4,565 
4._at        : days to IZ implementation      =       -4,475 
5._at        : days to IZ implementation      =       -4,385 
6._at        : days to IZ implementation      =       -4,295 
7._at        : days to IZ implementation      =       -4,205 
8._at        : days to IZ implementation      =       -4,115 
9._at        : days to IZ implementation      =       -4,025 
10._at       : days to IZ implementation      =       -3,935 
11._at       : days to IZ implementation      =       -3,845 
12._at       : days to IZ implementation      =       -3,755 
13._at       : days to IZ implementation      =       -3,665 
14._at       : days to IZ implementation      =       -3,575 
15._at       : days to IZ implementation      =       -3,485 
16._at       : days to IZ implementation      =       -3,395 
17._at       : days to IZ implementation     =       -3,305 
18._at       : days to IZ implementation      =       -3,215 
19._at       : days to IZ implementation      =       -3,125 
20._at       : days to IZ implementation      =       -3,035 
21._at       : days to IZ implementation     =       -2,945 
22._at       : days to IZ implementation      =       -2,855 
23._at       : days to IZ implementation      =       -2,765 
24._at       : days to IZ implementation      =       -2,675 
25._at       : days to IZ implementation      =       -2,585 
26._at       : days to IZ implementation      =       -2,495 
27._at       : days to IZ implementation      =       -2,405 
28._at       : days to IZ implementation     =       -2,315 
29._at       : days to IZ implementation      =       -2,225 
30._at       : days to IZ implementation      =       -2,135 
31._at       : days to IZ implementation      =       -2,045 
32._at       : days to IZ implementation      =       -1,955 
33._at       : days to IZ implementation      =       -1,865 
34._at       : days to IZ implementation      =       -1,775 
35._at       : days to IZ implementation      =       -1,685 
36._at       : days to IZ implementation      =       -1,595 
37._at       : days to IZ implementation      =       -1,505 
38._at       : days to IZ implementation      =       -1,415 
39._at       : days to IZ implementation      =       -1,325 
40._at       : days to IZ implementation      =       -1,235 
41._at       : days to IZ implementation      =       -1,145 
42._at       : days to IZ implementation      =       -1,055 
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43._at       : days to IZ implementation      =       -965 
44._at       : days to IZ implementation      =       -875 
45._at       : days to IZ implementation      =       -785 
46._at       : days to IZ implementation     =       -695 
47._at       : days to IZ implementation      =       -605 
48._at       : days to IZ implementation      =       -515 
49._at       : days to IZ implementation      =       -425 
50._at       : days to IZ implementation      =       -335 
51._at       : days to IZ implementation      =        -245 
52._at       : days to IZ implementation      =        -155 
53._at       : days to IZ implementation      =        -65 
54._at       : days to IZ implementation      =        25 
55._at       : days to IZ implementation      =        115 
56._at       : days to IZ implementation      =        205 
57._at       : days to IZ implementation      =        295 
58._at       : days to IZ implementation      =        385 
59._at       : days to IZ implementation      =        475 
60._at       : days to IZ implementation      =        565 
61._at       : days to IZ implementation      =         655 
62._at       : days to IZ implementation      =          745 
63._at       : days to IZ implementation      =         835 
64._at       : days to IZ implementation      =         925 
65._at       : days to IZ implementation      =         1,015 
66._at       : days to IZ implementation      =         1,105 
67._at       : days to IZ implementation      =         1,195 
68._at       : days to IZ implementation      =         1,285 
69._at       : days to IZ implementation      =         1,375 

 df F P>F 

_at#IZ zones    

(2 vs 1) (1 vs 0) 1 1.030 0.311 

(3 vs 1) (1 vs 0) 1 1.030 0.311 

(4 vs 1) (1 vs 0) 1 1.030 0.311 

(5 vs 1) (1 vs 0) 1 1.030 0.311 

(6 vs 1) (1 vs 0) 1 1.030 0.311 

(7 vs 1) (1 vs 0) 1 1.030 0.311 

(8 vs 1) (1 vs 0) 1 1.030 0.311 

(9 vs 1) (1 vs 0) 1 1.030 0.311 

(10 vs 1) (1 vs 0) 1 1.030 0.311 
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(11 vs 1) (1 vs 0) 1 1.030 0.311 

(12 vs 1) (1 vs 0) 1 1.030 0.311 

(13 vs 1) (1 vs 0) 1 1.030 0.311 

(14 vs 1) (1 vs 0) 1 1.030 0.311 

(15 vs 1) (1 vs 0) 1 1.030 0.311 

(16 vs 1) (1 vs 0) 1 1.030 0.311 

(17 vs 1) (1 vs 0) 1 1.030 0.311 

(18 vs 1) (1 vs 0) 1 1.030 0.311 

(19 vs 1) (1 vs 0) 1 1.030 0.311 

(20 vs 1) (1 vs 0) 1 1.030 0.311 

(21 vs 1) (1 vs 0) 1 1.030 0.311 

(22 vs 1) (1 vs 0) 1 1.030 0.311 

(23 vs 1) (1 vs 0) 1 1.030 0.311 

(24 vs 1) (1 vs 0) 1 1.030 0.311 

(25 vs 1) (1 vs 0) 1 1.030 0.311 

(26 vs 1) (1 vs 0) 1 1.030 0.311 

(27 vs 1) (1 vs 0) 1 1.030 0.311 

(28 vs 1) (1 vs 0) 1 1.030 0.311 

(29 vs 1) (1 vs 0) 1 1.030 0.311 

(30 vs 1) (1 vs 0) 1 1.030 0.311 

(31 vs 1) (1 vs 0) 1 1.030 0.311 

(32 vs 1) (1 vs 0) 1 1.030 0.311 

(33 vs 1) (1 vs 0) 1 1.030 0.311 

(34 vs 1) (1 vs 0) 1 1.030 0.311 

(35 vs 1) (1 vs 0) 1 1.030 0.311 

(36 vs 1) (1 vs 0) 1 1.030 0.311 
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(37 vs 1) (1 vs 0) 1 1.030 0.311 

(38 vs 1) (1 vs 0) 1 1.030 0.311 

(39 vs 1) (1 vs 0) 1 1.030 0.311 

(40 vs 1) (1 vs 0) 1 1.030 0.311 

(41 vs 1) (1 vs 0) 1 1.030 0.311 

(42 vs 1) (1 vs 0) 1 1.030 0.311 

(43 vs 1) (1 vs 0) 1 1.030 0.311 

(44 vs 1) (1 vs 0) 1 1.030 0.311 

(45 vs 1) (1 vs 0) 1 1.030 0.311 

(46 vs 1) (1 vs 0) 1 1.030 0.311 

(47 vs 1) (1 vs 0) 1 1.030 0.311 

(48 vs 1) (1 vs 0) 1 1.030 0.311 

(49 vs 1) (1 vs 0) 1 1.030 0.311 

(50 vs 1) (1 vs 0) 1 1.030 0.311 

(51 vs 1) (1 vs 0) 1 1.030 0.311 

(52 vs 1) (1 vs 0) 1 1.030 0.311 

(53 vs 1) (1 vs 0) 1 1.030 0.311 

(54 vs 1) (1 vs 0) 1 1.030 0.311 

(55 vs 1) (1 vs 0) 1 1.030 0.311 

(56 vs 1) (1 vs 0) 1 1.030 0.311 

(57 vs 1) (1 vs 0) 1 1.030 0.311 

(58 vs 1) (1 vs 0) 1 1.030 0.311 

(59 vs 1) (1 vs 0) 1 1.030 0.311 

(60 vs 1) (1 vs 0) 1 1.030 0.311 

(61 vs 1) (1 vs 0) 1 1.030 0.311 

(62 vs 1) (1 vs 0) 1 1.030 0.311 
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(63 vs 1) (1 vs 0) 1 1.030 0.311 

(64 vs 1) (1 vs 0) 1 1.030 0.311 

(65 vs 1) (1 vs 0) 1 1.030 0.311 

(66 vs 1) (1 vs 0) 1 1.030 0.311 

(67 vs 1) (1 vs 0) 1 1.030 0.311 

(68 vs 1) (1 vs 0) 1 1.030 0.311 

(69 vs 1) (1 vs 0) 1 1.030 0.311 

Joint 1 1.030 0.311 

    

Denominator 81,580   

 
 
 
 

 Delta-method    

 Contrast Std.Err. [95%Conf. Interval] 

_at#IZ zones     

(2 vs 1) (1 vs 
0) -0.768 0.758 -2.254 0.718 

(3 vs 1) (1 vs 
0) -1.536 1.516 -4.507 1.435 

(4 vs 1) (1 vs 
0) -2.304 2.274 -6.761 2.153 

(5 vs 1) (1 vs 
0) -3.072 3.032 -9.014 2.871 

(6 vs 1) (1 vs 
0) -3.840 3.790 -11.268 3.589 

(7 vs 1) (1 vs 
0) -4.607 4.548 -13.521 4.306 

(8 vs 1) (1 vs 
0) -5.375 5.306 -15.775 5.024 
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(9 vs 1) (1 vs 
0) -6.143 6.064 -18.028 5.742 

(10 vs 1) (1 vs 
0) -6.911 6.822 -20.282 6.460 

(11 vs 1) (1 vs 
0) -7.679 7.580 -22.535 7.177 

(12 vs 1) (1 vs 
0) -8.447 8.338 -24.789 7.895 

(13 vs 1) (1 vs 
0) -9.215 9.096 -27.043 8.613 

(14 vs 1) (1 vs 
0) -9.983 9.854 -29.296 9.330 

(15 vs 1) (1 vs 
0) -10.751 10.612 -31.550 10.048 

(16 vs 1) (1 vs 
0) -11.519 11.370 -33.803 10.766 

(17 vs 1) (1 vs 
0) -12.287 12.128 -36.057 11.484 

(18 vs 1) (1 vs 
0) -13.054 12.886 -38.310 12.201 

(19 vs 1) (1 vs 
0) -13.822 13.644 -40.564 12.919 

(20 vs 1) (1 vs 
0) -14.590 14.402 -42.817 13.637 

(21 vs 1) (1 vs 
0) -15.358 15.160 -45.071 14.354 

(22 vs 1) (1 vs 
0) -16.126 15.918 -47.324 15.072 

(23 vs 1) (1 vs 
0) -16.894 16.676 -49.578 15.790 

(24 vs 1) (1 vs 
0) -17.662 17.434 -51.832 16.508 

(25 vs 1) (1 vs 
0) -18.430 18.192 -54.085 17.225 
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(26 vs 1) (1 vs 
0) -19.198 18.949 -56.339 17.943 

(27 vs 1) (1 vs 
0) -19.966 19.707 -58.592 18.661 

(28 vs 1) (1 vs 
0) -20.734 20.465 -60.846 19.379 

(29 vs 1) (1 vs 
0) -21.501 21.223 -63.099 20.096 

(30 vs 1) (1 vs 
0) -22.269 21.981 -65.353 20.814 

(31 vs 1) (1 vs 
0) -23.037 22.739 -67.606 21.532 

(32 vs 1) (1 vs 
0) -23.805 23.497 -69.860 22.249 

(33 vs 1) (1 vs 
0) -24.573 24.255 -72.113 22.967 

(34 vs 1) (1 vs 
0) -25.341 25.013 -74.367 23.685 

(35 vs 1) (1 vs 
0) -26.109 25.771 -76.621 24.403 

(36 vs 1) (1 vs 
0) -26.877 26.529 -78.874 25.120 

(37 vs 1) (1 vs 
0) -27.645 27.287 -81.128 25.838 

(38 vs 1) (1 vs 
0) -28.413 28.045 -83.381 26.556 

(39 vs 1) (1 vs 
0) -29.181 28.803 -85.635 27.274 

(40 vs 1) (1 vs 
0) -29.948 29.561 -87.888 27.991 

(41 vs 1) (1 vs 
0) -30.716 30.319 -90.142 28.709 

(42 vs 1) (1 vs 
0) -31.484 31.077 -92.395 29.427 
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(43 vs 1) (1 vs 
0) -32.252 31.835 -94.649 30.144 

(44 vs 1) (1 vs 
0) -33.020 32.593 -96.902 30.862 

(45 vs 1) (1 vs 
0) -33.788 33.351 -99.156 31.580 

(46 vs 1) (1 vs 
0) -34.556 34.109 -101.409 32.298 

(47 vs 1) (1 vs 
0) -35.324 34.867 -103.663 33.015 

(48 vs 1) (1 vs 
0) -36.092 35.625 -105.917 33.733 

(49 vs 1) (1 vs 
0) -36.860 36.383 -108.170 34.451 

(50 vs 1) (1 vs 
0) -37.628 37.141 -110.424 35.169 

(51 vs 1) (1 vs 
0) -38.395 37.899 -112.677 35.886 

(52 vs 1) (1 vs 
0) -39.163 38.657 -114.931 36.604 

(53 vs 1) (1 vs 
0) -39.931 39.415 -117.184 37.322 

(54 vs 1) (1 vs 
0) -40.699 40.173 -119.438 38.039 

(55 vs 1) (1 vs 
0) -41.467 40.931 -121.691 38.757 

(56 vs 1) (1 vs 
0) -42.235 41.689 -123.945 39.475 

(57 vs 1) (1 vs 
0) -43.003 42.447 -126.198 40.193 

(58 vs 1) (1 vs 
0) -43.771 43.205 -128.452 40.910 

(59 vs 1) (1 vs 
0) -44.539 43.963 -130.706 41.628 
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(60 vs 1) (1 vs 
0) -45.307 44.721 -132.959 42.346 

(61 vs 1) (1 vs 
0) -46.075 45.479 -135.213 43.063 

(62 vs 1) (1 vs 
0) -46.843 46.237 -137.466 43.781 

(63 vs 1) (1 vs 
0) -47.610 46.995 -139.720 44.499 

(64 vs 1) (1 vs 
0) -48.378 47.753 -141.973 45.217 

(65 vs 1) (1 vs 
0) -49.146 48.511 -144.227 45.934 

(66 vs 1) (1 vs 
0) -49.914 49.269 -146.480 46.652 

(67 vs 1) (1 vs 
0) -50.682 50.027 -148.734 47.370 

(68 vs 1) (1 vs 
0) -51.450 50.785 -150.988 48.088 

(69 vs 1) (1 vs 
0) -52.218 51.543 -153.241 48.805 
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