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series of robustness checks to ensure that the results remain consis-
tent across different methodological choices. In the paper, we find
that laws aimed at redeveloping social housing from vacant offices
and commercial units have been largely ineffective. Only one law (in
2009) has shown a (small) significant effect in the center of Paris for
two years; thereafter, the redevelopment of social dwellings - which
represent more than 80% of the social housing supply in Paris - has
not been significantly influenced by the law, except possibly in a nar-
row area on the periphery of Paris. Our findings hold under vari-
ous and significant changes, including changes to the definitions of
the center and the periphery of Paris, the choice of estimator (OLS,
PPML, and Non-Parametric Synthetic Control Method), and the in-
troduction of different controls.
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1 Introduction

In Belloy and Candau (2024), we analyze three redevelopment policies that
increase incentives to convert offices and other commercial units into so-
cial dwellings. We find that only the most restrictive law of 2009 has suc-
cessfully increased the redevelopment of social housing in central Paris.
Our analysis utilized two empirical methods. Firstly, we used a Spatial
Regression Discontinuity design (SRD) at the boundary of the areas where
these laws were applied (the so-called compensation or reinforced area).
This analysis, by design, examines the effect of the law on the periph-
ery of Paris. To analyze the effect in the center, we employed a Synthetic
Difference-in-Differences (SDID). To keep the paper concise and clear, we
have excluded several robustness checks, which are presented here.

To gain a better understanding of the mechanisms at play, we present
a stylized model in Section 2 that help us to present the market of com-
pensation and redevelopment in a simple way. In Section 3, we redefine
the center and periphery by testing the impact of varying distances (band-
widths) from the boundary of the compensation area. In Section 4, we set
differently the dummies that defined each laws to measure the cumula-
tive effects of these regulations. Section 5 introduces several controls such
as income, Airbnb listings - which, by converting housing into commercial
use, can trigger a shift towards social housing under these laws - and other
variables. While the paper primarily utilizes a Difference-in-Discontinuity
(Diff-in-Disc) estimation for the periphery, Section 6 introduces a Synthetic
Difference-in-Differences (SDID) estimation. In Section 7, we exclude all
areas with no social housing redevelopment (which are quite numerous at
the beginning of the period) and apply the OLS estimator to the remain-
ing data. Section 8 employs a Non-Parametric Synthetic Control Method
to verify our results using a different approach to compute the counter-
factual weights. In Section 9, we construct a synthetic control three times,
before each law, to determine if results vary compared to computations
based on the period prior to the implementation of the first law in 2009. In
Section 10, we analyze the effect on social diversity.
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2 A Stylized Model

We present here a stylized model similar to Garcia-López et al. (2020) to
separate the drivers of supply and demand in property conversion. In
this model, property redevelopment developers choose to market their
converted homes either to individual households or social landlords. A
testable outcome of this model is that these laws increase the long-term
supply of social housing, contingent on several factors. In particular, an
increase in household income, a decline in state investment in social hous-
ing, or a reluctance among households to reside in areas with social hous-
ings, counteracts the regulation by diminishing the long-term demand for
social housing. This model also illustrates that the costs to compensation
tend to be higher in areas with high tension. This model is not integrate
in the text since it oversimplifies the effects of the different laws. In partic-
ular, the trade-off to invest at the Periphery of the compensation zone or
at the Core that changes with the different laws (as discussed on Proposi-
tion 1 and 2) is not introduced in this analysis. The model is nevertheless
useful to discuss the supply of conversion and also to pinpoint demand
shifters that should be controled in the empirical section.

Applicants for conversion, hereafter called Property Redevelopment
Developers (PRD), aim to sell their goods at a price pg to social land-
lords or at a price ph to high/middle-income households (more precisely
to households with an income too high to benefit from social housing),
hereafter called “households”. We consider two different areas: the com-
pensation zone, named the center or the core, represented by a superscript
c, and the rest of the city, the suburb or the periphery, labeled by an upper
script p.

Each PRD faces a cost κ to convert its building. Since the “2:1 rule” im-
plies that a PRD has to pay twice as much compensation titles for private
housing1 than for social housing in the center of the city, this law implies a
comparision between ph − 2κ and pp − κ. This cost of conversion κ can be
magnified (or reduced) depending on the spatial constraint of the law. The
regulation can indeed be very restrictive by requiring the doubling of the
surface area in the same district, less restrictive by imposing at least 50% in

1In fact, the PRD first redevelops housing into offices and then has to double the sur-
face of private housing, we take a short-cut here by not mentionning the intermediate
step concerning offices/commercial premises redevelopment.
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the district, or not very restrictive by enabling the applicant to compensate
elsewhere.2 As explained earlier, the compensation rates tend to be higher
in areas with high tension. Therefore, the requirement to provide com-
pensation in the same district makes this regulation much more restrictive
there than in other places.

Furthermore, we assume that past regulations concerning social hous-
ing involve several additional costs that vary from one PRD to another.
These heterogeneous costs are denoted βn for each developer, n, that con-
verts an unit in social housing.

At the equilibrium, there is a marginal PRD who is indifferent between
selling to an household or to a social landlord at:3

pc
h − pc

g = κ − β∗
n. (1)

PRD with βn < β∗
n convert their goods to social housing, while those

with βn > β∗
n convert to private housing.

The indirect utility of an household h that has chosen its optimal pri-
vate housing in the neighborhood c is Vc

h = Y − pc
h − αP(βn)+ ec

h, where Y
is its (exogeneous) income while αP(βn) represents a negative externality
which increases in the number of premises converted in social housing in
this neighborhood. This externality can be explained by an homophily in
social preferences that leads these individuals to prefer environment with
people sharing the same level of income (Currarini et al., 2009), or due to
an insecurity feeling in disadvantaged areas, or to the bad reputation of
schools there.4

2The current model presents only one part of the mechanism, indeed, the compensa-
tion title κ which act as a production tax for the PRD is somewhat like a subvention for
the specialized entities that sell these titles. Hence an increase in the restrictiveness of
the law may, in a second step, reduce the demand of κ and then the production of social
housing by the seller of these titles. Adding this second step, however, could make the
presentation more cumbersome without adding much clarity.

3With κ > βn the price of private housing is higher than the price of social housing.
There are many evidences of this, for instance a French real estate developer declared in
2013 that the different regulations imply that “the developer finds themselves obliged to
raise the price for private buyers who, as a result, largely finance social housing”.

4There is indeed some evidence about a link between territorial stigmatization and
schools. In particular, Garrouste and Lafourcade (2022) carefully identify how a zoning
reform in France, that signals the poverty of the neighborhood, has triggered a drop in
pupil enrollment from parents that avoides the public schools in this policy area. This
"zone-and-shame" effect, in part illustrates what the aversion to live near HLM, α, may
be.
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Finally, this household has a choice to live in the center or at the pe-
riphery with ec

h the idiosyncratic preference to live in the center.

We denoted Vp
h the indirect utility of the household in p. By comparing

these two levels of welfare, the marginal household that chose to live in c
proposes the following price:

pc
h = Y − αP(β∗

n) + e∗h − Vp
h . (2)

All the households with eh > e∗h lives in the center, while other are at the
periphery.

The indirect utility that a social landlord gets in c is Vc
g = G − pg + eg

where G is the public good or service provided to low-income individuals.
Indeed, the primary objective of the social landlord, as established by law,
is to provide good-quality housing for low-income and disadvantaged in-
dividuals. eg is its idiosyncratic preference to acquire a unit in c. Vp

g is its
indirect utility at the periphery. The price proposed by the marginal social
landlord is then given by:

pc
g = G + e∗g − Vp

g . (3)

Social landlords with eg > e∗g invest in the center, while other are at the
periphery.

Finally we assume that βn, eh and eg follow a normal distribution on
the support [0,1], such as 1 − e∗h and 1 − e∗g are the shares of residents and
social landlord that invest in c. With C the number of unit converted, we
have Cβ∗

n = 1− e∗g such as the supply of social housing equals the demand,
while market clearing for private housing gives C(1 − β∗

n) = 1 − e∗h.
Inserting (2) and (3) in (1), and using the market clearing condition

gives:

β∗
n =

κ + G − Y + C + Vp
h − Vs

g

1 − α + 2C
(4)

This expression shows that an increase in the restrictiveness of the law
κ, foster an eviction effect from private housing to social one. Then the
first proposition of this model is that the three laws of 2009, 2011, and 2012
should have resulted in an increase in the number of social housing.

This equation also indicates that the share of HLM increases with the
aversion of household to social mixity α. An increase in the concentration
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of social housing in a particular location deter households from settling
there, which in turn, automatically elevates the proportion of social hous-
ing.

An increase in the income of households Y also reduces the share of
social housing. This result matters for the empirical analysis, since our
period of analysis is characterized by successive variation in income.5 Not
modelled here a change in the market potential of districts, may also have
a similar role than Yr, abeit with multiple additional effects (See Redding,
2023 for a survey).6

An higher effort of landlord to provide good-quality housing G, fosters
the share of social housing. An higher effort of the central and/or local
government to stimulate the investment in social housing, or to reduce
the risk of investment for the PDR7 can also be understood via an increase
in G.

Finally, βn is a decreasing function of the stock of unit, C, that are con-
verted. When there is a high number of converted housing, the law is less
bidding for conversion toward private housing. The larger the number of
units, the easier it is to comply with the legal rule of doubling the surface
when converting on office into a private housing. This can have an impact
that differ from one law to another. Indeed the rule to compensate in the
same district in 2009, makes this law more difficult to implement in the
center due to the limited stock of conversion available.

5For instance, the financial crisis of 2007-08 has led to a fall of income that might have
affected the demand of household in the districts. In contrast, the rise of income in central
Paris over the period 2010-2018 may have play a central role by contradicting the effect
of the law.

6In that case the mechanism may play as follows, an increase in the number of firms
in one location, directly reduce the supply of converted unit and increase the price of
land, but also indirectly increase the potential number of resident for a given supply of
floor space. This, in turn, bids up the price for residential floor space, which reduces the
expected utility to convert a premise in HLM. If firms operates under increasing returns
or benefit of technological spillovers, agglomeration economies are likely, and then may
increase the wage of residents pushing social housing elsewhere via Yr.

7For instance in France, the 2000 law on urban solidarity and renewal (SRU) has al-
lowed landlord to directly buy housing from real estate developer before the construction
(called “ventes en état futur d’achèvement”). This has been a powerful mechanism by
which real estate developers have secured their investment for private housing. Indeed
the buying of entire block by social landlord, before the construction, reduces the credit
rationing of PDR by banks in period of recession.
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3 Bandwith choices

The SRD and SDID were based on specific definitions of the center and
the periphery, which depended on the choice of bandwidths. For exam-
ple, when we selected a bandwidth of [-300, 300] for the SRD, we analyzed
a narrow periphery where the treated areas were within 300 meters of the
compensation area’s boundary (with control areas just beyond this line
within 300 meters). To assess how the law affects the rest of the compen-
sation area, we employed the SDID. In this case, we considered all treated
areas inside but excluded those within 300 meters of the boundary, thus
defining a larger center. The two analyses are complementary, yet based
on ad-hoc definitions. To demonstrate that the choice of bandwidths does
not significantly influence the results, we present outcomes for various
distances from the boundary of the compensation zone (from 300 to 900
meters).

One objective of this section is to determine whether the significant ef-
fects of the 2011 and 2014 laws at the periphery, and the significant impact
of the 2009 law in the center, are consistently observed.

Table (1) provides the main results of the Diff-in-Disc at the border of
the compensation area. We find here similar results than those presented
in the paper. The 2009’s law is not significant at the periphery of compen-
sation area, while the two others laws have a significant effect. Like in the
paper, Table (2) shows a significant positive result on the redevelopment
of social housing in the center for many different bandwidths.

7



Table 1: Difference in Discontinuity of Social Housing Change - Triangular
weights

Bandwidth 400 500 600 700 800 900

Treated in 2009 0.222 0.192 0.144 0.0969 0.0836 0.0367
(0.173) (0.157) (0.146) (0.142) (0.144) (0.146)

Treated in 2011 0.647* 0.626* 0.658** 0.657** 0.641** 0.657***
(0.370) (0.347) (0.322) (0.292) (0.269) (0.252)

Treated in 2014 0.492** 0.527** 0.545** 0.533** 0.514*** 0.519***
(0.238) (0.230) (0.221) (0.210)) (0.199) (0.190)

Constant 6.773*** 6.689*** 6.592*** 6.552*** 6.549*** 6.520***
(0.0926) (0.104) (0.114) (0.114) (0.121) (0.128)

Observations 1,792 2,100 2,352 2,660 2,912 3,234
Pseudo-R2 0.9027 0.8987 0.8948 0.8905 0.8865 0.8837
Neighborhood FE YES YES YES YES YES YES
Year FE YES YES YES YES YES YES
Robust standard errors in parentheses; a p<0.01, b p<0.05, c p<0.1
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Table 2: Difference in Differences of Social Housing Change - Core Estima-
tion

Bandwidth 400 500 600 700 800 900

Treated in 2009 0.737** 1.065** 1.236** 1.376 2.794** 3.109
(0.364) (0.486) (0.620) (0.898) (1.388) (2.420)

Treated in 2011 -0.128 -0.426 -0.433 -0.931* -1.551*** -0.620
(0.284) (0.318) (0.406) (0.529) (0.583) (0.855)

Treated in 2014 -0.431 -0.454 -0.607 -1.065 -1.466 -2.427*
(0.488) (0.628) (0.720) (0.904) (1.092) (1.434)

Constant 5.590*** 5.655*** 5.719*** 5.788*** 5.733*** 5.580***
(0.250) (0.265) (0.279) (0.294) (0.333) (0.462)

Observations 7,826 7,672 7,574 7,462 7,364 7,182
Pseudo-R2 0.835 0.836 0.847 0.853 0.857 0.857
Neighborhood FE YES YES YES YES YES YES
Year FE YES YES YES YES YES YES
Robust standard errors in parentheses; a p<0.01, b p<0.05, c p<0.1

4 Cumulative effects of laws

In the article, the dummies are set to 1 following each law until the end
of the period. This analyzis enables to measure the additional impact of
each change in law, always comparing the effects with the pre-intervention
trend (before 2009), which exhibits parallel trends. But we can set these
dummies differently in order to measure the cumulative effect of each laws
as presented in the next table. Column 1 uses a single variable taking
the value 0 before 2009; 1 between 2009 and 2010; 2 between 2011 and
2013 and 3 between 2014 and 2019. Column 2 corresponds to different
dummies time1=1 in 2009 and 2010 and 0 otherwise; time2=1 in 2011, 2012
and 2013 and 0 otherwise and time3=1 in 2014, 2015, 2016, 2017, 2018 and
2019 and 0 otherwise. Finally, column 3 is the one used in the paper, with
different dummies that equal to time1=1 between 2009 and 2019 and 0
before; time2=1 between 2011 and 2019 and 0 otherwise; time3=1 between
2014 and 2019 and 0 otherwise. The results are similar of what we found
in the paper.
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Table 3: Social housing changes according to the time variables used at the
periphery

Dependent variable Social housing Change

Bandwidth (in meter) [0-600]

Time 1 Time 2 Time 3

(1) (2) (3)

Treated in 2009 0.1444 -0.1045 0.1444
(0.146) (0.105) (0.146)

Treated in 2011 0.8028*** 0.4882** 0.6584***
(0.379 ) (0.283) (0.322)

Treated in 2014 1.3473*** 1.2674*** 0.5445***
(0.499) (0.504) (0.221)

Constant 6.592*** 6.5943*** 6.592***
(0.114 ) (0.118) (0.114)

Observations 2,352 2,352 2,352
R² adj. 0.8948 0.8945 0.8948

Notes: Standard errors are cluster at the neighborhood level in parentheses a p<0.01, b p<0.05, c p<0.1. Results
are obtained from a Synthetic difference in differences and Difference in Discontinuity using the PPML
estimator. Columns (1) use 600m bandwidth and represent social housing change from Difference in
Discontinuity with time=0 before 2009 ; time=1 between 2009 and 2010 ; time=2 between 2011 and 2013 and
time=3 after 2013. Columns (2) use 600m bandwidth and represent social housing change from Difference in
Discontinuity whith time1=0 before 2009 and after 2010 and 1 in 2009 and 2010 ; time2=0 before 2011 and after
2013 and 1 in 2011, 2012 and 2013 ; time3=0 before 2013 and 1 after . Column (3) use 600m bandwidth to the
center and represent social housing change from Difference in Discontinuity with time1=0 before 2009 and 1 in
2009 and after ; time2=0 before 2011 and 1 in 2011 and after ; time3=0 before 2014 and 1 in 2014 and after . Each
estimate includes neighborhood and year fixed effects.
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Table 4: Social housing changes according to the time variables used at the
center

Dependent variable Social housing Change

Bandwidth (in meter) ]600-center]

Time 1 Time 2 Time 3

(1) (2) (3)

Treated in 2009 1.2343** 1.2324** 1.2343**
(0.620) (0.621) (0.620)

Treated in 2011 0.8048 1.3900 -0.4295
(0.831) (0.851) (0.405)

Treated in 2014 0.1851 0.6574 -0.6197
(1.083) (1.023) (0.720)

Constant 5.725*** 5.5499*** 5.7252***
(0.278) (0.306) (0.278)

Observations 7,574 7,574 7,574
R² adj. 0.8469 0.8461 0.8469

Notes: Standard errors are cluster at the neighborhood level in parentheses a p<0.01, b p<0.05, c p<0.1. Results
are obtained from a Synthetic difference in differences and Difference in Discontinuity using the PPML
estimator. Columns (1) use 600m bandwidth and represent social housing change from Synthetic
Difference-in-Differences with time=0 before 2009 ; time=1 between 2009 and 2010 ; time=2 between 2011 and
2013 and time=3 after 2013. Columns (2) use 600m bandwidth and represent social housing change from
Synthetic Difference-in-Differences whith time1=0 before 2009 and after 2010 and 1 in 2009 and 2010 ; time2=0
before 2011 and after 2013 and 1 in 2011, 2012 and 2013 ; time3=0 before 2013 and 1 after . Column (3) use
600m bandwidth to the center and represent social housing change from Synthetic Difference-in-Differences
with time1=0 before 2009 and 1 in 2009 and after ; time2=0 before 2011 and 1 in 2011 and after ; time3=0 before
2014 and 1 in 2014 and after . Each estimate includes neighborhood and year fixed effects.

5 Additional controls

In this section we add several control variables to analyze how our base-
lines results are affected.

5.1 Data

Income

Income levels, by impacting the demand for private housings, directly af-
fect their prices and may subsequently diminish the supply of redevel-
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opment from private housing into commercial units. On the other hand,
observing the goods market, a concentration of high incomes can encour-
age commercial activities, which in turn boosts the demand for such rede-
velopment. The introduction of this variable however poses several chal-
lenges, first reverse causality is likely, the level of income in one district
may directly depends on the share of social housing leading to a bias in
our estimates. Furthermore, income are potentially correlated with other
variables of controls. Finally, controlling for incomes but not for other vari-
ables that simultaneously affects it and our dependent variable (which is
quite unavoidable) creates a new pattern of bias, since the variable of in-
come is in that case a collider or, in the word of Angrist and Pischke (2009),
a bad control. Such a bad control can provide false results by, for instance,
changing the sign of coefficient of interest. Then, we introduce income
progressively to detect multicolinearity. We also consider a rich set of fixed
effects to control for omitted variables in order to reduce the collider bias
when income is considered, and finally we use other variables of controls
than income for which the poblem of reverse causality is less acute.

Income data comes from INSEE (Institut Nationale de la Statistique et
des Etudes Economiques) and represents the median annual income of
individuals living in each neighborhood studied between 2006 and 2019.
To give an idea of income distribution, the average median income in the
compensation zone was €27636 per year in 2006, compared with €35877 in
2019. In the control zone, median annual income was €18961 in 2006 and
€23883 in 2019.

Short-term rentals

As explained in the data section, any change of use from a private unit to
a commercial unit to develop short-term rental cause a change in designa-
tion. In other term, Airbnb is a mechanical determinant of change in desig-
nation from commercial unit to residential unit. Obviously we cannot rule
out reverse causality, namely that an owner entering in a new designated
private housing chose to change the use of one part of it its dwelling, how-
ever such a change is more likely to happen some years latter. A second
problem of this control, is that it is not sure that all the owners that enter
in the short-rental market declare it to the administration, in particular at
the start of the period.

Airbnb data comes from the Open Data Soft platform, a French com-
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pany that makes these data available. The origin of these data comes from
Inside Airbnb, a site created by Murray Cox, an American activist, making
available data from short-term rentals web-scraped on the Airbnb site in
the city of Paris. As we don’t have the historical data, we used the web-
scraped information on the October 3rd 2020 using the account creation
dates of owners with a listing on the Airbnb site. These data indicates that
the last Airbnb account creation was in 2017, furthermore there is few data
before 2012, then when using these controls we restricted our analyses to
the period 2012-2017.

Reputation of secondary schools

To consider another aspect of the location choice of households that plays
of the choice of redevelopment, we use a measure of the reputation and
quality of schools. There is indeed a large literature that emphasizes the
role of schools in residential choices (Bayer et al., 2007). In France, parents
are partially constrained by a legal map of school districts that depends
on the residence, which explains why the residential choice and the school
choice are linked. Like the income variable, a simple indicator of the rep-
utation/quality of schools is problematic due to reverse causality. It can
be negatively affected by the number of social housing in this district. We
thus chose indicators that may be less prone to this problem. These in-
dicators, named “indicators of added value” (IAV) of secondary schools,
measure the school’s ability to support its students through to the bac-
calaureate (namely the first academic degree that grants the completion of
secondary education).

Computed by the statistics department of the French Ministry of Edu-
cation, hereafter DEPP (Direction de l’Evaluation, de la Prospective et de
la Performance), the added value is obtained by the difference between
the result of each student and its expected result. The modeling relies on
a multilevel logistic estimation at the student level. The expected result,
for a student, is obtained by applying the model’s coefficients to their in-
dividual characteristics (e.g. grades) and collective characteristics (socio-
economic variables such as parents’ professions), from which the effect of
the school is subtracted. The predicted rate corresponds to the probability
of the student’s success (or access) if they were in an "average" high school.
Or to put it differently, since these indicators control for the profile of each
school according to the social background and age of the school’s pupils,
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questions about the endogeneity of this variable are less obvious than for
simple indicators of performance.

Another interest is that these indicators are regularly used to rank sec-
ondary schools by newspapers8 and then represent an available source for
individuals.

5.2 Results

5.2.1 At the periphery

We introduce here, in the diff-in-disc estimation, the number of units con-
verted that may influence the supply over time depending on the location
as well as other variables that influence the demand side such as the me-
dian income in the district. As discussed at lengh in the data section, these
variables generate several problems (multicolinearity, endogeneity) and
are thus analyzed successively to observe how our coefficients of interest
(β) are affected. Table (5) presents the results. The total number of con-
version has a positive effect on the number of social housing (Column 1),
while the median income has a negative effect (Column 2). In these two
cases, the effect of the 2011 and 2014 laws are still verified as well as the
unsignificant effect of the 2009 law. Finally the last column shows that
fixed effects play a real role in controlling for the median income which
are no longer significant. Finally the effect of the different laws are similar
to those presented previously in the paper.

8These indicators have an history that is really linked to their mediatization (Evain,
2020). They were created in 1987 by the French Ministry of Education as an adminis-
trative, and not public tool, to manage secondary schools. But after an inadvertent leak
in the media, they became public in 1993 and have since been regularly used to rank
secondary schools by newspapers.
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Table 5: Social Housing Change from Difference in Discontinuities with
controls

Bandwidth choice CE-opt [-461,461]

Conversion Income All FE

Treated in 2009 0.180 0.214 0.221 0.146
(0.173) (0.164) (0.191) (0.169)

Treated in 2011 0.560* 0.650* 0.542* 0.627*
(0.337) (0.348) (0.325) (0.340)

Treated in 2014 0.620*** 0.511** 0.598*** 0.462**
(0.239) (0.228) (0.230) (0.233)

Number of conversion 0.0408*** 0.05*** 0.01***
(0.0043) (0.006) (0.003)

Median income (/100) -0.003** -0.004** -0.003
(0.0013) (0.001) (0.003)

Constant 4.35*** 5.15*** 5.19*** 7.38***
(0.648) (0.930) (0.893) (0.709)

Neighborhood FE ✓

Year FE ✓

Observations 5726 5726 5726 2002
R² adj. 0.06 0.06 0.10 0.90

Notes: Standard errors are clustered at the neighborhood level in parentheses, *** p<0.01, ** p<0.05, * p<0.1.
Results are obtained from a spatial difference-in-discontinuity using the PPML estimator. All estimations use a
triangular distribution of weight with the Coverage Error (CE) probability neighborhood method. The
dependent variable is the number/area of HLM conversions (in m²). Column (1) introduces the total number
of conversions (in m²), Column (2) includes the median income in each district, Column (3) presents results
with these two controls, and Column 4 incorporates individual fixed effects and time effects.

Obviously the previous controls does not encompass the richness of
the determinants that drive the demand of conversion. We then intro-
duce data on Airbnb (a good proxy of the change in use that directly cause
the change of designation studied here). We also introduce indicator of
schools added value that may influence the housing market.

As already mentionned, data on school added value and on Airbnb are
not available for the whole period (only on 2012-2017) but enable to study
the 2014 law in Table (6). As in the previous estimation, the total number
of conversions is significant while the median income is not. Interrest-
ingly, the coefficient of Airbnb is positive (when introduced alone) which
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is the expected effect of this law. However this positive effect loses its sig-
nificance once fixed effects are introduced. Similarly all the indicators of
school added values lose their significant impact once fixed effects are in-
troduced. This illustrates both the challenge of identifying variables that
influence HLM conversion and the effectiveness of fixed effects in control-
ling for determinants that does not vary a lot over such a short period of
time.
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Table 6: Social Housing Change from Difference in Discontinuities with
added value indicators for schools and Airbnb from 2012 in Paris intra
muros

Bandwidth choice CE-opt [-461,461]
Conversion Income School AV Airbnb All FE

Treated in 2014 0.537** 0.446** 0.427** 0.452** 0.591*** 0.404**
(0.210) (0.211) (0.211) (0.208) (0.213) (0.199)

Nb of conversion 0.033*** 0.033*** 0.013***
(0.006) (0.006) (0.003)

Income (median) -0.002 -0.003** -0.002
(0.001) (0.001) (0.002)

School Added Value
Performance -0.444** -0.471** -0.064

(0.223) (0.212) (0.075)
Accompanying -1.809*** -1.622*** -0.115

(0.514) (0.489) (0.136)
Below expectation -1.155** -1.248** -0.201*

(0.506) (0.492) (0.110)
Selective -1.243** -1.169** -0.017

(0.483) (0.456) (0.106)
Airbnb 0.029*** 0.034*** 0.005

(0.009) (0.009) (0.004)
Constant 4.62*** 5.32*** 5.33*** 4.49*** 5.54*** 7.28***

(0.572) (0.812) (0.640) (0.607) (0.877) (0.601)
Neighborhood FE ✓

Year FE ✓

Observations 2118 2118 2118 2118 2118 768
R² adj. 0.037 0.035 0.074 0.033 0.134 0.936

Notes: Standard errors are clustered at the neighborhood level in parentheses, *** p<0.01, ** p<0.05, * p<0.1.
Results are obtained from a spatial difference-in-discontinuity using the PPML estimator. All estimations use a
triangular distribution of weight with the Coverage Error (CE) probability neighborhood method. The
dependent variable is the number/area of HLM conversions (in m²). Column (1) introduces the total number
of conversions (in m²), Column (2) includes the median income in each district, Column (3) presents results
with indicators of the added value of secondary schools. Performance schools exhibit a positive difference in
both access and success rates. Accompanying schools are those where students take longer to obtain their
diploma, but where the dropout rate is low. Schools that fall below expectations have poorer results in both
success and access rates in comparison to their predicted outcome. Selective schools are characterized by high
schools with a high success rate difference and a low access rate difference. Column (4) introduces the Airbnb
variables. Column (5) presents results with all these controls. Column (6) incorporates individual fixed effects
and time effects.
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5.3 At the center

We pursue our analysis in Table (7) by focusing of the 2014 law that enables
to introduce additionnal controls. We still find that this regulation does not
have a discernible effect on the surface of social housing built.

Table 7: Social Housing Change from Synthetic Difference in Differences
with added value indicators for schools and Airbnb from 2012 in Paris
intra muros

Bandwidth choice CE-opt [-461,461]
Conversion Income School AV Airbnb FE

Treated in 2014 -0.233 -0.253 -0.273 -0.286 -0.579
(0.268) (0.276) (0.279) (0.270) (0.481)

Nb of conversion 0.0206*** 0.0065***
(0.006) (0.002)

Income (median) -0.0028*** -0.0012
(0.001) (0.001)

Airbnb 0.0232 -0.0108
(0.015) (0.011)

Constant 4.777*** 5.521*** 4.460*** 4.621*** 7.018***
(0.333) (0.403) (0.435) (0.379) (0.256)

School Added Value ✓ ✓

Neighborhood FE ✓

Year FE ✓

Observations 4,740 4,740 4,740 4,740 1,518
R² adj. 0.0624 0.0873 0.108 0.0483 0.925

Notes: Standard errors are clustered at the neighborhood level in parentheses, *** p<0.01, ** p<0.05, * p<0.1.
Results are obtained from a Synthetic Difference in Differences using the PPML estimator. All estimations use
a triangular distribution of weight with the Coverage Error (CE) probability neighborhood method. The
dependent variable is the number/area of HLM conversions (in m²). Column (1) introduces the total number
of conversions (in m²), Column (2) includes the median income in each district, Column (3) presents results
with indicators of the added value of secondary schools. Performance schools exhibit a positive difference in
both access and success rates. Accompanying schools are those where students take longer to obtain their
diploma, but where the dropout rate is low. Schools that fall below expectations have poorer results in both
success and access rates in comparison to their predicted outcome. Selective schools are characterized by high
schools with a high success rate difference and a low access rate difference. Column (4) introduces the Airbnb
variables. Column (5) presents results with all these controls. Column (6) incorporates individual fixed effects
and time effects.
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6 A synthetic periphery

In the paper we use two differents methods for the center and for the pe-
riphery of the compensation area. While for the center, we have no choices,
for the periphery we have presented results using a Diff-in-Disc estima-
tion, while a Synthetic Diff-in-diff (SDID) estimation was also possible.
Here, we do precisely such an exercise to verify the robustness of the pre-
sults obtained at the periphery of the compensation area.

6.1 Method

We reproduce here the same analysis than the one presented in Section 3
concerning the Periphery but we change the control group, which is now a
synthetic area of the treated one. This analysis is thus a robustness check,
we replace here the Diff-in-Disc estimation presented in the text by a Syn-
thetic Diff-in-diff (SDID) estimation.

Based on the assumption that in the absence of the treatment, the treated
unit and the synthetic control group would have followed parallel trends
over time, the SDID helps to mitigate the bias of the Diff-in-Disc method
presented in the paper. The similarity of the control group is indeed al-
ways debatable in spatial Diff-in-Disc and the SDID provides a good alter-
native.

We conducted a series of estimations by considering the same set of
treated districts than in the section with the Diff-in-Disc for the Periphery,
namely with distance from the border of the reinforced area using the dif-
ferent bandwidth already presented. The aim is to provide results that are
directly comparable with those presented until now.

The control zone obviously differs from the Diff-in-Disc by construct-
ing a synthetic area using untreated observations located beyond the bor-
der.

Figure (1) illustrates change in the conversion of HLM (in m²) for the
synthetic area and for the districts where the different laws have been ap-
plied. We observe a clear divergence between the two group after 2010,
which increases over time.
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Figure 1: Treated and Control Areas in the Synthetic difference-in-
differences at the border (bandwidth: 600 meters)

Results

Table 8 presents the results of the synthetic difference-in-differences anal-
ysis, taking into account different distances from the edge of the compen-
sation zone. Our findings reveal similar outcomes than the one presented
in the text with a different method, the 2009 law demonstrating no sig-
nificant effect, while the 2011 and 2014 reforms successfully promoted the
construction of social housing.
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Table 8: Social Housing Change at the Periphery

Treated: Border

Bandwidth choice ad-hoc MSE-opt CE-opt

Bandwidth (in meter) [0-300] [0-600] [0-1314] [0-461] [0-461]

Treated in 2009 0.153 0.0632 0.123 0.107 0.0443
(0.195) (0.156) (0.176) (0.147) (0.148)

Treated in 2011 0.534 0.499* 0.400* 0.412 0.437
(0.381) (0.289) (0.204) (0.322) (0.307)

Treated in 2014 0.479** 0.467** 0.426*** 0.505** 0.443**
(0.227) (0.188) (0.143) (0.201) (0.195)

Number of conversion 0.0079***
(0.0022)

Median income (/100) -0.0019
(0.00358)

Constant 5.320*** 5.146*** 5.500*** 5.199*** 5.79***
(0.228) (0.199) (0.199) (0.213) (1.084)

Observations 7,378 7,714 8,358 7,574 7,574
R² adj. 0.776 0.760 0.820 0.780 0.785

Notes: Standard errors are cluster at the neighborhood level in parentheses a: p<0.01, b: p<0.05, c: p<0.1.
Results are obtained from a Synthetic difference in differences using the PPML estimator. Column (1) use
300m bandwidth. Column (2) use 600m bandwidth. Column (3) use the Coverage Error (CE) probability
neighborhood method. Columns (4) and (5) use the MSE optimal bandwidth. The dependent variable is the
number/area of HLM conversions (in m²). Each estimate includes neighborhood and year fixed effects

The inclusion of additional controls in the last Column of Table (8) and
in Table (9) that concerns only the 2014 reform (due to data limitation re-
garding controls) have hardly any effect on the coefficient estimated. To
conclude, we verify here the main result obtained so far, only the 2011 and
2014 laws have significantly fostered the conversion of buildings/offices
in social housing at the border of the treated area.
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Table 9: Social Housing Change from Synthetic difference-in-differences
with added value indicators for schools and Airbnb from 2012 in Paris
intra muros

Bandwidth choice CE-opt [-461,461]
Conversion Income School AV Airbnb FE

Treated in 2014 0.370* 0.377** 0.401** 0.366** 0.335*
(0.204) (0.183) (0.192) (0.185) (0.179)

Nb of conversion 0.0429*** 0.0120***
(0.0077) (0.0045)

Income (median) -0.0024** -0.0045***
(0.0009) (0.0045)

Airbnb 0.0199* 0.0108
(0.0119) (0.00897)

Constant 4.884*** 5.697*** 5.266*** 4.925*** 7.096***
(0.327) (0.395) (0.354) (0.360) (0.781)

School Added Value ✓ ✓

Neighborhood FE ✓

Year FE ✓

Observations 4158 4158 4158 4158 1452
R² adj. 0.0847 0.0610 0.0404 0.0416 0.868

Notes: Standard errors are clustered at the neighborhood level in parentheses, *** p<0.01, ** p<0.05, * p<0.1.
Results are obtained from a Synthetic difference-in-differences using the PPML estimator. All estimations use
a triangular distribution of weight with the Coverage Error (CE) probability neighborhood method. The
dependent variable is the number/area of HLM conversions (in m²). Column (1) introduces the total number
of conversions (in m²), Column (2) includes the median income in each district, Column (3) presents results
with indicators of the added value of secondary schools. Column (4) introduces the Airbnb variables. Column
(5) presents results with all these controls. Column (6) incorporates individual fixed effects and time effects.
Since indicators of added value of secondary schools are not significant when fixed effects are introduced in
Column (5), they are not reported here.

7 No Zero but OLS

As argued in the paper, we use the PPML estimators since the analysis of
districts with no redevelopment is particularly important for understand-
ing the effects of these laws. However, one may want to compare the re-
sults without these zeroes and with the OLS estimator. In Table (10), we
confirm the results for the 2009 law, which is significant in the center but
not at the border. We also find results consistent with those presented in
the text for the 2014 law, which encourages the redevelopment of social
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housing at the periphery but not in the core.

Table 10: OLS Estimations
Dependent variable Social Housing Change

Bandwidth (in meter) [0-600] ]600-center]

Diff-in-Disc Synthetic DiD

(1) (2) (3)

Treated in 2009 0.253 -0.712 75.26**
(5.095) (4.847) (34.91)

Treated in 2011 24.85 17.98 31.31
(15.51) (13.38) (24.17)

Treated in 2014 49.02* 49.15** 45.90
(28.11) (24.14) (28.70)

Constant 73.39*** 42.44*** 41.19***
(5.377) (7.129) (13.20)

Observations 6,678 34,776 35,238
R² adj. 0.95 0.63 0.64

Notes: Standard errors are cluster at the neighborhood level in parentheses a p<0.01, b p<0.05, c p<0.1. Results
are obtained from a Synthetic difference in differences and Difference in Discontinuity using the OLS
estimator. Columns (1) use 600m bandwidth and represent social housing change from Difference in
Discontinuity. Columns (2) use 600m bandwidth and represent social housing change from Synthetic
difference-in-differences. Column (3) use 600m bandwidth to the center and represent social housing change
from Synthetic difference-in-differences. Each estimate includes neighborhood and year fixed effects.

8 Non-Parametric Synthetic Control Method

The computation of weights in synthetic control methods are based on dif-
ferent techniques that have been discussed a lot in the literature (Abadie
and Gardeazabal, 2003; Abadie et al., 2010, Arkhangelsky et al., 2021). We
present here graphics of the change in redevelopment of social housing
for the treated and control groups using these alternative methods as well
as the method presented in the text. We use in particular the nonparamet-
ric synthetic control method developed by Cerulli (2020). This technique
uses a kernel function with a pre-defined bandwidth to calculate coun-
terfactual weights. The bandwidth is chosen to minimize the root mean-
squared prediction error (RMSPE). Let’s take the example of the analysis at
the periphery (600m from the compensation border). Figure 2 indicates an
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optimum bandwidth of 1 which is then the optimal vector distance (Ma-
halanobis distance) between treated units and controls within the band-
width. Figure 3 shows the results of the counterfactuals generated with
the non-parametric method, with prediction errors, because the treated
and the control have a time lag, they should merge perfectly. In contrast,
the synthetic control method minimizes the prediction error between the
treated and the series generated by a linear regression of the same vari-
ables for the control units (see Figure Synthetic control method), the coun-
terfactual appears to follow the treated observations in the pre-processing
period. Finally, Figure Synthetic difference-in-differences method shows
the synthetic difference-in-differences method chosen in our analysis. We
can both observe how the treated and control observations are parallel in
the pre-treatment period, and how the control group is not affected by the
treatment.

Figure 2: Optimal bandwidth for the non-parametric synthetic control
method
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Figure 3: Non-parametric synthetic control method

Figure 4: Synthetic control method
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Figure 5: Synthetic difference-in-differences method

9 One Single Treatment by Estimation

In the article, the synthetic center is built only before the first treatment.
This means that when evaluating the 2011 and 2014 law, we not longer
have a parallel trend between the control and the treated. Thus in Table
(11), we build a synthetic center for each policy. Weights are adjusted for
the treatment date, and all other post-treatment years are excluded. For
example, when the treatment year is 2009, weights are adjusted before
2009 and the treatment period ends in 2011, which is the year of the second
treatment. The results are consistent with the results presented in the text
when treatment periods are examined individually.
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10 Effects on private housing and social diver-
sity

10.1 Impact on social diversity

The ultimate aim of these laws is to foster social diversity in the city of
Paris. We thus analyze here where these laws have had an impact on the
spatial distribution of the socio-professional categories of residents.

The data comes from INSEE (National Institute of Statistics and Eco-
nomic Studies, Classification of Professions and Socio-Professional Cate-
gories9) for the years 2006 to 2019 in each IRIS neighborhood. We use
all the socio-professional categories (without farmers), namely artisans,
merchants and business owners; executives and higher intellectual pro-
fessions, intermediate professions, employees, workers and finally other
individuals without professional activity.

The local entropy index is calculated based on the Theil and Finizza
(1971) index and is computed as follows:

H = −∑ki
1 Pk

i lnPk
i

lnki
,

where Pk
i is the share of socio-professional category k in neighborhood i

and ki the number of socio-professional categories present in neighbor-
hood i. This index varies from 0 to 1. The higher the local entropy index,
the more heterogeneous the neighborhood is in terms of Socio-Professional
Categories representation.

We also use the French classification of socio-professional categories
by directly analyzing, on one hand, the proportion of workers, and on
the other, higher intellectual professions (including managers10). These
two distinct categories have been historically used in labor economics to
differentiate between manual occupations and white collar jobs (e.g. Dou-
glas, 1926, Goldin and Katz, 2009, Botton et al., 2020). We also analyze the

9https://www.insee.fr/en/information/6049871
10Higher intellectual professions includes executives and managers in business or ad-

ministration, engineers and other technical professionals, health professionals such as
doctors and pharmacists, teaching professionals, including university professors, legal
professionals, such as lawyers and judges, and finally artists, authors, journalists, and
similar professions.
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location quotient (Isard, 1960) computed as follows:

QL =
xi

k/ti

Xk/T
,

with k the socio-professional category in neighborhood i, xi
k the number of

socio-professional categories present in neighborhood i of the total pop-
ulation in the neighbourhood i represented by ti related to the number
of socio-professional categories present in the whole territoryXk of the
total population in the whole territory T. This index makes it possible
to obtain an index of over- or under-representation of the population by
neighborhood and by socio-professional category and thus to obtain a rel-
ative index. If the index is greater than 1, the socio-professional category
is over-represented in the neighbourhood compared to the territory as a
whole, if the index is less than 1, the socio-professional category is under-
represented in the neighbourhood compared to the territory as a whole.
These indicators have well known limitations (see Combes et al., 2009) but
are still widely used to study residential segregation (e.g. Consolazio et al.,
2023).

Finally, a third indicator, Social Relative Index (SRI) inspired by Dun-
can and Duncan’s dissimilarity index (1955) is studied to compare the
number of residents living in social housing compared to all residents liv-
ing in each arrondissement. An index greater than 0 indicates that the
proportion of residents living in social housing is greater than the propor-
tion of residents living in other housing in the arrondissement where the
neighborhood is located.

SRI =
shi

k
SHk −

ohi
k

OHk ,

Where k is the arrondissement and i is the district. shi
k is the number

of residents living in social housing in district i of arrondissement k, SHk

is the number of residents living in social housing in arrondissement k as
a whole. ohi

k is the number of residents living in housing other than social
housing in district i of arrondissement k. Finally, OHk is the number of
residents living in housing other than social housing in arrondissement k
as a whole.

In comparison to the previous sections we only use the SDID estimator
for the center and the periphery. We have opted not to report difference-
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in-discontinuity in this section due to the absence of parallel trends in the
pre-periods, which invalidates the relevance of this estimator.11

10.2 Results

In Table (12) we present the effects of these housing regulations on the
location choice of the different social-economic categories.

11The results, not presented here, are generally consistent except for short distances in
high intellectual professions, which show no significant effects in 2009 and 2011.
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By utilizing the SDID at the border, we observed that these laws have
resulted in a decrease in the proportion of high intellectual profession both
in relative terms and in absolute term (Column 1 and 2). However, the out-
comes are less definitive concerning workers, as the coefficients are mostly
not significant (Column 3 and 4). Only the 2011 law is significant for the
LQ coefficient but not for the share of workers. Finally, both the Theil in-
dex and the Social relative index (Column 5 and 6), indicates that these
laws have not significantly contributed to reduce spatial inequality in oc-
cupation. In Table (13), we present the same estimate but for the city cen-
ter. We get similar results, these laws have a significant negative effect
on the proportion of higher intellectual professions, but no effect on the
proportion of workers and overall we cannot reject the null hypothesis of
no effect on social diversity. Except for workers share in Paris intra-muros
from 2012 after the 2014 law, but which is only significant at the 10% level.
The results are similar in the periphery for the Social Relative Index.
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Not reported here we have also estimate the effect of these laws with
the inter-decile ratio, i.e. the richest 10% over the poorest 10% of the pop-
ulation, as the dependent variable. We found similar results.

11 Conclusion

According to a survey based on of 480 economists done by Chopra et al.
(2022), “studies with null results are perceived to be [...] less important
than studies with significant results”. We believe, on the contrary, that
null results are enormously important, especially when analyzing public
policies. In our findings, the redevelopment of social housing in central
Paris was not affected by the most recent laws of 2011 and 2014. These
policies have also been ineffective in fostering greater social diversity in
Paris. This is a significant finding since the supply of social housing is
primarily driven by these redevelopments. Hence, these null results in-
dicate that local governments need to revise these laws and devise more
ambitious policies if they wish to successfully (re)develop social housing
in Paris.
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