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We contribute to the evaluation of urban renewal policies based on a large-scale program launched in France in 2004. Using an estimator aimed at avoiding bias in the estimation of treatment effects that are heterogeneous across treatment groups or time periods, and complementing its results with a more precise double fixed effects difference-in-differences estimator, we find no significant aggregate impact of the program on housing prices. We identify four dampening factors that can explain this lack of aggregate impact: a sometimes insufficient level of funding per neighborhood, a stigma effect in the most deprived neighborhoods, the isolation of some neighborhoods located far from city centers, and the concentration of the program's funding on types of operations associated with small impacts on housing prices.

is dedicated to neighborhood revitalization.

The aim of the present paper is to contribute to the literature on urban renewal policies by analyzing the impact of a very large-scale, highly-funded French urban renewal program, the Programme National de Rénovation Urbaine (PNRU hereafter), launched in 2004. This program essentially consisted in the demolition, construction and renovation of public housing, but also in the creation and improvement of public facilities, with the aim of improving residents' living conditions and attracting new population, so as to increase social diversity in the targeted neighborhoods. It received a financing of more than e47 billions and affected more than half of the housing stock in six hundred neighborhoods in 162 different cities throughout France. 2 We explore the effect of the PNRU program on housing externalities, as measured by housing prices. Theoretically, externalities produced by urban renewal can be expected to occur at three different levels. First, the renovation of housing benefits its own residents, by improving comfort and reducing inadequate housing conditions. These gains are likely to lead to an increase in the price of the renovated units, unless it is regulated as in the case of French public housing. Second, renovation should also induce housing externalities in the vicinity of the renovated housing units, thereby leading to higher housing prices (Rossi-Hansberg, Sarte and Owens III, 2010). Finally, urban renewal can be expected to lead to city-level externalities, due to a mitigation of the negative spillovers associated with the neighborhood (e.g. related to crime), a dampening of middle-class flight and an improvement in local governments' fiscal problems (Collins and Shester, 2013).

In this paper, we attempt to capture the second category of externalities at the neighborhood level. Indeed, as the PNRU program resulted in very visible improvements of the public housing stock and of public spaces (renewed architectural quality, lower buildings, improvements of building fronts, improved public facilities), it can be expected to have produced externalities on the private housing stock in renovated neighborhoods, which should be reflected in private housing prices. We use data on geolocalized private housing transactions to precisely measure this potential externality.

It is important to note that, as PNRU's urban renewal interventions were mostly focused on public housing and public amenities rather than on private housing, our variable of interest, private housing prices, measures the program's externalities and not its direct effects on the price of renovated housing units.

The PNRU possesses several interesting features that allow for a careful and comprehensive investigation of the effects of urban renewal on housing prices. First, the selection of targeted neighborhoods and the timing of the program allow us to use a difference-in-differences strategy with staggered adoption. Indeed, treated areas were selected in 2003 among a large number of distressed neighborhoods delineated in 1996 as part of a larger urban policy framework. Non-selected neighborhoods are good candidates to be used as control observations. Moreover, as evidenced by the history of the program exposed later in the paper, renovation operations began at different dates (between 2004 and 2014) in the different neighborhoods. This feature makes it possible to include not-yet-treated neighborhoods in the control group, which improves the comparability of the control and treated group. It also allows for a better identification of time-varying treatment effects.

Finally, the whole set of renovated neighborhoods was chosen in 2003 and we provide evidence in section 3.2 supporting the idea that the starting year of renovation was not decided depending on the evolution of housing prices in these neighborhoods, so that the timing of the program specific to each neighborhood can be considered as exogenous with respect to the housing price evolution.

Second, the PNRU is of exceptional magnitude: each renovated neighborhood received on average e93,000 per household over 15 years and more than half of the housing stock over all these neighborhoods was rebuilt or rehabilitated through the program. It has been argued in the past literature that renovation has an impact only if it is of high enough intensity (Ding, Simons and Baku, 2000; Albanese, Ciani and de Blasio, 2021). As for the PNRU, the level of the amounts invested and the share of the housing stock affected allow to consider that the program is of sufficient magnitude to have significantly affected the built environment in targeted neighborhoods.

Additionally, the program involved 572 neighborhoods located in 219 different cities in mainland France, and the selection of treated neighborhoods leaves a set of about 300 untreated but also distressed neighborhoods. This large number of treated and non-treated neighborhoods constitutes an asset for the present study because, as shown by Ahlfeldt, Maennig and Richter (2017), a large number of control and treated areas provides a more accurate estimation of the impact of such a policy. Finally, the large number of treated observations as well as the large variance in the amount of funding by neighborhood makes it possible to explore the potential for heterogeneous impacts of the program on subsamples. We believe this setting ensures a good external validity of our results.

We also pay special attention to the possible existence of heterogeneous effects between neighborhoods and between time periods by choosing an appropriate econometric method. Indeed, because renovation took place in very different contexts and started at different dates depending on the neighborhood, large heterogeneity in treatment effects across space and over time can be suspected. 3 This heterogeneity is combined with imbalance in treatment status along these same two dimensions. To get unbiased estimates of the program's impacts in such a context, we apply the novel methodology proposed by De Chaisemartin and D'Haultfoeuille (2020a,b) for this very purpose.

Our results indicate that renovation did not lead to a significant increase in housing prices at the aggregate level during the time period under study. We estimate with a 95% confidence level that the aggregate impact of the program was smaller than 2.3%. This lack of aggregate effect is robust to various robustness checks. Yet, the large scale of the PNRU program and its implementation in different contexts across France allow us to investigate a number of possible explanations for the non-significant aggregate impact of the program.

First, we find some evidence that the size of the program's impact on housing prices depended on the level of funding invested in relation to the initial public housing stock, suggesting that the level of investment in some renovated neighborhoods may have been too low for the urban renewal to affect the housing market. Second, analyzing heterogeneities in the program's impact depending on the revenue level and on the share of public housing in renovated neighborhoods, we find some (weak) evidence in favor of a stigma effect, which may have prevented higher neighborhood amenities to translate into higher housing demand and thus into higher housing prices. Third, considering renewal impacts depending on distance to the city center, a location effect appears, whereby urban renewal increased neighborhood attractivity only for those close enough to city centers. Fourth, a further heterogeneity analysis suggests that some renovation operations, those targeting public equipment, have a larger impact on housing prices as compared to construction/demolition operations and renovation operations, and that the renovation program under study focused on the types of operations that have the lowest impact on housing prices (75% of the program's funding was allocated to construction/demolition or renovation operations). Finally, we rule out the hypothesis that the absence of aggregate effect of the program was due to an increase in housing supply in 3 As an illustration, four renovated neighborhoods are located in Paris municipality, where tension on the housing market is extreme, and six additional neighborhoods are located less than 8 kilometers from Paris center, whereas renovation also took place in some economically distressed urban units where public housing offices asked the National Agency for Urban Renewal (ANRU) not to replace one-for-one the demolished housing units because of a very low housing demand (Rey-Lefebvre, Isabelle. 2019. "Des villes détruisent des HLM devenus trop nombreux, trop vieux, inlouables." Le Monde, May 31. https://www.lemonde.fr/societe/article/2019/05/31/ ces-villes-encombrees-par-un-parc-hlm-devenu-inutile_5469685_3224.html).

renovated neighborhoods.

The remainder of the paper is organized as follows. Section 1 depicts the urban renewal program under study. Section 2 is dedicated to the presentation of the empirical strategy and Section 3 to the description of the data. We present and discuss our results in Section 4. Finally, we compare them to previous results in the literature and conclude in Section 5.

The French National Urban Renewal Program

The French National Urban Renewal Program, launched in 2004 as the result of a law voted in July 2003, had four distinct goals: restructuring neighborhoods, increasing social diversity, supporting sustainable development and reducing inequalities between places and between populations. To this aim, a list of eligible urban neighborhoods located on the whole French territory was established. It included all of the 751 neighborhoods referred to as Sensitive Urban Zones (hereafter ZUS) that were designated by the French government in 1996 as targets for its urban policies, based on the existence of large public housing developments and low employment-to-population ratios. This list also defined 166 additional neighborhoods called "Article 6", selected according to similar criteria. Municipalities to which these neighborhoods belong were asked to elaborate renovation projects in coordination with local actors, in particular public housing offices. These projects were then submitted to the National Agency for Urban Renewal (ANRU hereafter), which was created to ensure the administrative follow-up of urban renewal operations. The Agency, in some cases, asked for modifications of the renovation projects and then decided whether to grant funding.

From the list of eligible neighborhoods, 594 were selected for renovation. Although, some determinants of selection can be observed empirically (e.g., renovated neighborhoods had a higher share of public housing than non-renovated ones), there were no clear and objective criteria for selection.

As a result, there was no selection score to rank the neighbourhoods, as was the case for renovation programs in some other countries. This prevents us to use a regression-discontinuity design as in Alonso, Andrews and Jorda (2019) or Koster and Van Ommeren (2019).

The funds were then committed in different phases according to the renovation schedule for each designated neighborhood. On the overall, e47 billions were invested from 2004 to 2020 in as many as 594 neighborhoods.4 By way of comparison, the Dutch program considered in Koster and Van Ommeren (2019) involved an investment of about e1 billion in 83 neighborhoods, whereas the Berliner program analyzed by Ahlfeldt, Maennig and Richter (2017) received e1.94 billions for 22 neighborhoods.

For the sake of brevity, we will use the term "urban policy neighborhoods" or even "neighborhoods" to designate the set of eligible neighborhoods, both ZUS and Article 6 neighborhoods. As for treated neighborhoods, we simply speak of "renovated neighborhoods" or QRU (urban renewal area), be they observed before of after the start of renovation. Urban policy neighborhoods have a limited area, with a median at 0.4 km 2 . Renovated neighborhoods are somewhat larger, with a median at 0.5 km 2 (Guyon, 2016). They are composed of an average of 2,592 individuals. 5 Urban policy neighborhoods are located in 219 urban units, of which 162 have at least one renovated neighborhood. 6 As of December 31, 2018, the program affected directly close to 1 million dwellings, with 150,000 housing units demolished, 125,000 built, 335,000 rehabilitated and 345,000 concerned by their building's beautification (e.g. the setting up of a front garden). A lot of large public housing developments erected in the post World War II era had strongly depreciated and were perceived as stigmatizing for these neighborhoods. Many of them were therefore torn down. Thus, more than half of the initial housing stock of renovated neighborhoods was rebuilt or rehabilitated thanks to the PNRU. In addition, a quarter of the PNRU budget was dedicated to the improvement of the urban environment, public facilities and economic and commercial spaces. Overall, an average of e79 millions was invested in each renovated neighborhood, that is a mean of e93,000 per household. This program contrasts with usual urban renewal programs studied in the literature, due not only to its large scale but also to the key role attributed to the massive demolition and reconstruction of public housing. 7

5 As an illustration of the different geographical scales at stake in this paper, Figure A1 represents the urban unit of Grenoble in the Auvergne-Rhône-Alpes region in France. It shows the borders of Grenoble municipality and of the three types of neighborhoods we are interested in: ZUS neighborhoods that were renovated ("ZUS-renov"), Article 6 neighborhoods that were all renovated ("Art6-renov") and ZUS neighborhoods that were not renovated ("ZUS-norenov"). 6 In the French statistical system, an urban unit is a municipality or a group of municipalities which includes a continuously built up zone (no cut of more than 200 meters between two buildings) with at least 2,000 inhabitants.

We will also refer to urban units as cities.

7 An emblematic example of targeted neighborhoods is the Minguettes in the South outskirt of Lyon. This neighborhood was raised in the middle of fields in the early 1960's, in order to accommodate the labor force working in the automobile industry in the surroundings. Between 1965 and 1973, 9,200 housing units were built, among which 40%

As explained in the introduction, it is important to note that the renovation program per se did not increase housing supply in the neighborhoods. Indeed, not all public housing units demolished were rebuilt. The rule has been to rebuild "one-for-one" demolished public housing units, but not necessarily within the neighborhood where demolition took place, in line with the goal of the policy to demolish the huge deteriorated public housing projects and rebuild less densely. Numerous inhabitants were proposed another public housing dwelling outside of the neighborhood within the same city. Moreover, some private housing was built, so that some variation in the housing supply evolution across neighborhoods is observed (see Table 2 

thereafter).

A first evaluation of the PNRU's impact on the share of public housing, housing size, vacancy rate and share of low-income households was conducted by Guyon (2016). The results show that although the program significantly affected the housing stock, there was no substantial decrease between 2004 and 2013 in the share of low-income households in the renovated neighborhoods. Our aim is to further evaluate the program by looking at the PNRU impact on housing prices, in order to evaluate its externalities.

Empirical strategy

In order to estimate the effect of the PNRU program on housing prices, we rely on a difference-indifferences strategy exploiting both the existence of never treated neighborhoods that were initially eligible, and the staggered start of renovation across renovated neighborhoods. Because the selection process in the treatment was not clearly formalized by the authorities, we opt for an approach of eliminating all potential unobserved differences between the treatment and control groups. Moreover, although the program was officially launched with the creation of the ANRU in 2004, not all neighborhoods were designated for renovation at that time. We therefore define the start of renovation in a neighborhood as the date of the first financing commitment, which was the first step of renewal operations and therefore should closely follow a neighborhood's designation. We believe that this choice limits the possibility of anticipation effects on the housing market and seems also more relevant than taking a single starting date for all neighborhoods.

small detached houses and 60% public housing units in high-rise buildings offering comfortable low-rent housing. In the 1970's, workers, many of whom were immigrants, were heavily hit by the economic crisis. Middle-class households left, and cumulative negative dynamics started. The Minguettes is known for having been the first place where urban riots took place in France. The PNRU started there in 2004. 700 housing units were destroyed and replaced by new units, 2,400 housing units were rehabilitated and commercial spaces rebuilt for a total investment of e170 millions.

The traditional difference-in-differences estimation consists in using a double fixed effects estimator (DFE hereafter), where group fixed effects control for time-constant group heterogeneity, and time fixed effects control for general time trends. Under the assumption of common trends and with constant treatment effects, this strategy allows for the unbiased estimation of the average treatment effect. However, recent papers considering staggered adoption designs, in which treatment of different groups starts at different times, have shown that the treatment effect estimated with a DFE regression is actually a weighted average of individual treatment effects, with weights that might be negative (Borusyak and Jaravel, 2017; Goodman-Bacon, 2018; De Chaisemartin and D'Haultfoeuille, 2020a,b; Athey and Imbens, 2021). If treatment effects are heterogeneous, then the DFE-based average treatment effect is likely to be biased. Moreover, De Chaisemartin and D'Haultfoeuille (2020a) (hereafter DCDH) demonstrate that the DFE estimate is especially likely to involve negative weights and therefore give biased estimates if treatment effects differ between periods with many versus few treated groups, or between groups treated for many versus few periods. As we will show in the following, imbalance in treatment status across groups and time periods is present in the case of the PNRU and heterogeneity of treatment effects on housing prices can be suspected.

To overcome a potential bias, De Chaisemartin and D'Haultfoeuille (2020b) propose an alternative estimator (DID l in the following), which is robust to treatment effect heterogeneity across groups and time periods. This estimator consists in computing, at each point in time, a differencein-differences based on switchers (i.e. groups for which treatment status changes at that time) as compared to groups with stable treatment.8 These differences-in-differences are then averaged over the whole observation period, with weights that depend on the number of switchers at each time.

In this section, we first describe how we implement the traditional DFE estimator, and then turn to the DID l estimator. Since each of them has advantages and drawbacks, the results of both estimators will be presented afterwards.

Double fixed effects estimator

To estimate the average treatment effect on housing prices based on a DFE estimator, we use a hedonic regression in which the logarithm of the price of a housing transaction is regressed on the characteristics of the transacted housing unit, year dummies and time trends at the city level.

While some studies such as Koster and Van Ommeren (2019) or Rossi-Hansberg, Sarte and Owens III (2010) have considered price per square meter as the dependent variable, we follow Ahlfeldt, Maennig and Richter (2017) by considering the price of housing transactions as the dependent variable and controlling for housing size. This allows to account for the common observation that prices per square meter are lower for large dwellings.

The analysis is conducted on a sample including all transactions that occurred in an urban policy neighborhood. A dummy indicates whether the housing unit is located in a neighborhood under renovation. Its coefficient is the estimate of the average time-constant effect of the PNRU program on prices in renovated neighborhoods. In practice, the following equation is estimated:

log(P itnu ) = β T 1 n∈R,t-T (n)≥0 + X it β + φ t + µ n + γ u t + γ u t 2 + η1 n∈R × t + itnu ( 1 
)
where i is the identifier of the housing unit, t is the year of the transaction, n is the neighborhood in which the housing unit is located, u is its urban unit, R is the set of renovated neighborhoods, T (n) is the date at which renovation was launched -i.e. the date of the first financial commitmentin neighborhood n (if n ∈ R), 1 n∈R,t-T (n)≥0 is a dummy function equal to one if the transaction takes place in a renovated neighborhood after the beginning of the renovation and 0 otherwise. X it is a vector of characteristics of the transacted housing unit: the number of rooms interacted with an apartment or house indicator, floor space per room, number of bathrooms, period of construction, dummy equal to one if the dwelling is less than 5 years old, and distance of the transaction to the city center.

φ t is a time fixed effect, µ n is a neighborhood fixed effect, γ u (resp. γ u ) is the linear (resp.

square) time trend of housing prices in urban unit u. The urban unit specific time trends allow to control for the evolution of housing prices at the city level, which can indeed be very different among the 145 urban units represented in the estimation sample.9 The quadratic functional form is especially useful to account for the reversal of housing prices after the 2008's crisis, while keeping the number of estimated coefficients reasonable. We separate Paris municipality from the rest of the Parisian urban unit in order to account for a specific time trend.

We also include a linear trend (η1 n∈R × t) specific to renovated neighborhoods, to account for potential differences in trends between renovated and non-renovated neighborhoods. This trend is defined in terms of calendar years. Indeed, the evolution of housing prices over the observation period in renovated neighborhoods, that is, among the most deprived ones within each city, possibly differs from that of other neighborhoods. This approach is similar to that of Ahlfeldt, Roth and Seidel (2018) and Dustmann et al. (2021) and adapted to a staggered adoption design.

In this specification, neighborhood fixed effects account for time-constant heterogeneity while year dummies, urban units time trends, the renovated-neighborhood specific trend and transacted housing units characteristics control for some time-varying heterogeneity.10 

Following Ahlfeldt, Maennig and Richter (2017), we also analyze the program's time-varying effects by introducing a time flexible structure into the previous equation:

log(P itnu ) = k∈S β k 1 n∈R,t-T (n)∈{k-1,k} + X it β + φ t + µ n + γ u t + γ u t 2 + η1 n∈R × t + itnu (2) 
In this time-varying specification, k ∈ S, where S = {-11, -9, -7, -5, -3, -1, 1, 3, 5, 7, 9, 11}.

Time-varying effects are grouped by pairs, because our dataset on housing prices is available only every even year. 1 n∈R,t-T (n)∈{k-1,k} is then a dummy function equal to one if and only if renovation in neighborhood n started k -1 or k years before the transaction. 11 The reference years for the estimation of the program impacts are years T (n) -2 for neighborhoods where renovation started on an even year and T (n) -1 for neighborhoods where renovation started on an uneven year. β k is then the effect of the program after k -1 or k years.

To avoid contamination from a renovated neighborhood to a nearby control neighborhood (as some non-renovated neighborhoods were adjacent to renovated ones), we exclude from the sample transactions located in control neighborhoods less than 500 meters away from the border of one of the treated neighborhoods .12 The choice of 500 meters is motivated by Ding, Simons and Baku (2000) who observe that "residential investment usually does not have any impact on property values beyond 300 feet (90 meters) away for new construction and 150 feet (45 meters) away for rehabilitation"

and by Rossi-Hansberg, Sarte and Owens III (2010) who find that "housing externalities decrease by half approximately every 1,000 feet". Thus, the 500-meters buffer seems reasonable to avoid the risk of contamination of the control group. We also tested the sensitivity of our main estimate to the value of the chosen threshold. 13 With a 1000m and then a 2000m threshold, the estimated coefficient for the global impact of the treatment decreases as compared to the baseline, showing at the very least that the control neighborhoods close to renovated ones did not experience any increase in their housing prices. It follows that the set of control observations consists of transactions made in non-renovated urban policy neighborhoods outside of the 500 meter buffer around the renovated neighborhoods. The inclusion of non-renovated urban policy neighborhoods as controls is the most natural, as renovated neighborhoods have been chosen among urban policy neighborhoods and are relatively similar (see Table 3). In the robustness checks, we also employ weighting procedures to improve the comparability of the treated and control groups, which is useful to address the concern that they may differ in terms of unobserved trends. Moreover, given the staggered adoption design and our empirical specification, the identification of treatment effects also exploits transactions made in renovated neighborhoods before the start of renovation.

The difference-in-differences method is based on the common trend hypothesis, which states in a staggered difference-in-differences design that the evolution of housing prices relative to the starting year of renovation would have been the same in the non-renovated and renovated neighborhoods in the absence of renovation. In practice, this hypothesis is tested by checking the absence of pre-trends, that is, by verifying that the estimated β k is not significantly different from 0 when k < 0.

In our investigations of the reasons that might explain the null estimated aggregate effect of the program, we also analyze a slightly different DFE specification in which the treatment dummy is interacted with a measure of treatment intensity, namely the level of funding received by the renovated neighborhood in relation to the initial housing stock or the initial public housing stock.

The corresponding estimates of the program's impact are respectively denoted by β T,f h and β T,f ph .

We also further introduce the square of these continuous variables in some of the specifications. We also estimate the impact of the program on the volume of transactions. To this aim, observations are aggregated at the level of neighborhoods and equations similar to Equations 1 and 2 are estimated, replacing the log price by the number of transactions in relation to the initial number of housing units in the neighborhood, suppressing housing unit characteristics and considering again a continuous treatment with estimated coefficient β T,f ph .

13 Results available on request.

DID l estimator

As previously explained, the DFE estimator is likely to yield biased estimates in staggered adoption designs if treatment effects are heterogeneous across time periods or across groups. This bias is especially of concern if treatment effects differ between periods with many versus few treated groups, or between groups treated for many versus few periods.

In the case of the PNRU program, treatment effects on housing prices are likely to be highly heterogeneous across periods and neighborhoods for at least four reasons. First, with respect to heterogeneity across time periods, treatment effects might differ depending on period, especially because the 2008 housing crisis may have altered the impacts of the program in the following years.

Then, with respect to heterogeneity across neighborhoods, the impact of renovation on housing prices is likely to depend on the tension on the urban unit's housing market. Given that our sample includes renovated neighborhoods located in 118 different urban units, this is likely to be a major source of heterogeneity. Furthermore, treatment effects may also depend on characteristics of the neighborhood itself, such as the share of public housing or the local level of criminality, or on characteristics of the renovation operations, such as the level of funding invested in the neighborhood or the extent of demolitions. Finally, one can think that the most promising renovation projects were launched first, so that neighborhoods belonging to the first generations of renewal might have stronger treatment effects. This potential heterogeneity in treatment effects is combined with imbalance in treatment status in our data, as will be shown in Table 1.

Given these features, we use the alternative DID l estimator proposed by De Chaisemartin and D'Haultfoeuille (2020b).

The DID l estimator consists, in our case, in computing the average over the study period of difference-in-differences estimated for each year on neighborhoods where renovation started during this year (these neighborhoods are called "switchers") compared to neighborhoods not entering the treatment at the same date (i.e. non-renovated ZUS and renovated neighborhoods in which renovation has not started yet). 14 It is robust to treatment effects heterogeneity and can be used when the treatment is not binary and when it can increase or decrease over time. The DID l estimator allows to compute dynamic treatment effects l periods after the treatment starts and can be averaged in order to compute the overall effect of the treatment compared to the status quo situation with no change in treatment status. In the estimation of dynamic treatment effects, the average evolution of housing prices between T (n)-1 and T (n)+l in neighborhoods where renovation starts at time T (n) is compared to that of neighborhoods that remain untreated at the same dates.

As with the DFE estimator, we estimate the impact of the treatment {0,1}, {2,3}, {4,5}, {6,7}, {8,9} and {10,11} years after renovation started in the neighborhood. We use the same control variables, but we can not include a renovated-neighborhood specific trend. 15 The standard errors are computed using a block bootstrap at the neighborhood level.

The DID l estimator relies on two assumptions. The first one requires that, in each period with switchers, at least one neighborhood keeps its treatment status. This condition is met for sure because the sample includes never treated neighborhoods. The second hypothesis generalizes the common trend hypothesis of more traditional difference-in-differences estimations. It requires that the mean evolution of switching groups' outcomes would have been the same, in the absence of treatment, as that of control groups. In our case, this implies that, had renovation not been undertaken, housing prices in neighborhoods where renovation starts would have evolved in the same way as in non-renovated or in not-yet-renovated neighborhoods. The test of this hypothesis is based on the estimation of placebo effects for housing prices' evolution between periods before the start of the treatment. More specifically, the placebo effect -i for groups entering the treatment at time T (n) is based on the evolution of housing prices between T (n) -1 and T (n

) -i -1.
The DID l estimator is demanding in terms of data, as the estimate of the +l temporal effect is based on neighborhoods in which transactions occurred at time T (n)-1, T (n) and T (n)+l. 16 By way of comparison, the classical DFE estimator only requires each neighborhood to have transactions at two distinct dates at least, whatever the date. Moreover, the DID l estimator is valid for controls at the neighborhood × period level and is therefore estimated on data aggregated at this level. 17

15 The DID l estimator is implemented using the did multiplegt Stata package. Because the package only allows linear or non parametric trends, and the latter would consume too many degrees of freedom given the number of urban units in the sample, we include linear urban unit trends and not quadratic ones as with the DFE estimator, using the trends lin option. Moreover, as it is not possible to include two linear trends at the same time, the only thing we can do in the DID l estimations to control for the situation of renovated neighborhoods is to include a dummy in the estimation of single difference-in-differences, which are further aggregated to compute the DID l estimate. The placebo coefficients show that this change in the specification used with the DID l estimator still allows to verify the extended parallel trends assumption. 16 Observations at T (n) -1 and T (n) are required to define the change in the treatment status of the neighborhood.

As noted by DCDH, the properties of the DID l estimator hold even if some groups appear or disappear over time. 17 The aggregation is implemented within the did multiplegt command.

These two features of the DID l estimator yield larger standard errors than with the more classical DFE estimator. In addition, the method used to compute the DID l estimator does not allow to include both urban units trends and a trend specific to renovated neighborhoods. This is why we show results based both on DID l and two-way fixed effects estimations.

3 Data

Data sources

Our analysis exploits a dataset derived from notaries registration of housing transactions (French Notaries Association datasets Bien and Perval ) and covering metropolitan France between 2000 and 2014 in even years. The data comprises the date and price of transaction, the geographical coordinates of the housing unit and some of its characteristics (among which apartment or house, number of rooms, number of bathrooms, floor space, construction period and plot land area for houses). Given our empirical strategy, we only retain from this dataset transactions located in an urban policy neighborhood. We apply to this dataset the same treatments as those employed by the French National Institute for Statistics (INSEE) to produce housing prices indices at the local level (Indice Notaires-INSEE ). First, we suppress atypical housing units. 18 Second, we keep only private sales of housing units free of occupation, exclusively dedicated to housing and acquired in full ownership. Third, we suppress housing units with non-standard dimensions or price. 19 Eventually, in order to deal with some records of bad quality in terms of match between characteristics of the housing unit and transaction price, we run the baseline regression corresponding to Equation (1) and set aside the 5% of transactions for which the gap between predicted and observed price is the largest. After these treatments, the database contains about 72,000 transactions located in 647 neighborhoods.

We merge this data with information on PNRU operations at the neighborhood level. This information, provided by the ANRU (Engagements and Enquête Livraison datasets), includes for 18 i.e. for apartments: artist's workshop, maid room, attic awaiting conversion, caretaker's dwelling, loft, villa, high standing; and for houses: chalet, tower, windmill, old train station, farm, large property, castle, private mansion, host house, villa.

19 i.e. we keep, for apartments: units with less than or 9 rooms, a floor space comprised between 10 and 200 square meters, a price between e1,500 and e5,000,000, a square meter price of less than e25,000; for houses: units with less than or 13 rooms, more than 20 square meters and less than 300 square meters, more than 9 square meters lot size, a price of more than e1,500, and, outside the Parisian urban area, the house must have a price lower than e15,000,000. These different data sources are not all at the same geographical scale. While housing transactions are located according to their geographical coordinates, information on renewal operations is available at the level of urban policy neighborhoods while Census and revenue data are available at the IRIS level (an infra-communal geographical unit defined for statistical purposes and corresponding to around 1,800 to 5,000 inhabitants). Using a geographical information system, we find the urban policy neighborhood corresponding to each transaction and define treatment indicators at the transaction level. Then, as neighborhood borders do not match IRIS borders, the former comprising several IRIS or parts of IRIS, we use the intersection rates between IRIS and neighborhoods to estimate the socio-economic characteristics at the urban policy neighborhood level and report this information for each transaction.

In summary, our final dataset is a 14-years long annual panel of housing transactions, precisely located within non-targeted and targeted neighborhoods, for which we know the date when renovation started, the amounts invested and the types of renovation operations, as well as the urban unit it is located in.

Descriptive statistics

The distribution of transactions in the renovated and non-renovated neighborhoods in the estimation sample is displayed in Table 1. It can be noted that the treatment group is larger than the control group, both in terms of number of neighborhoods and of transactions, with 415 renovated neighborhoods and 232 non-renovated ones. In addition, the number of renovated neighborhoods represented in our sample is lower than the 572 selected in the PNRU in metropolitan France.

Indeed, in a sizable number of renovated neighborhoods, no transaction took place at the dates under study, because these neighborhoods are small and largely constituted of public housing units.

There are on average 112 transactions (s.d. 204) per neighborhood for the 14-years period observed in our dataset. 20 The number of transactions over the period is higher in renovated neighborhoods by about 34 transactions as compared to non-renovated ones. Table 2 presents descriptive statistics of renovated and non-renovated neighborhoods, as well as some characteristics of the renovation program in renovated neighborhoods. In terms of socioeconomic characteristics, renovated neighborhoods have a higher unemployment rate, a lower proportion of French citizens and lower revenues as compared to non-renovated neighborhoods.

But the difference between the two types of neighborhoods lies primarily in their housing stock 20 As explained above, only even years are observed.

in 1999: renovated neighborhoods have a larger housing stock than non-renovated ones, a larger share of public housing and a lower share of owner-occupiers. Between 1999 and 2014, the public housing stock in renovated neighborhoods was reduced by 0.4% on average while it increased by 11% in non-renovated neighborhoods, with however large differences across the latter. The private housing stock, instead, followed in both types of neighborhoods a similar growth of around 18%.

Regarding renovation, the large average amount of funding reported to the initial housing stock is associated with a large variance. This variance is even larger when funding is reported to the public housing stock. There is thus quite large differences in the intensity of renovation depending on neighborhood. Furthermore, larger investments were made in neighborhoods with a large share of public housing, but it is however not the case that all funding was concentrated on public housing.

Indeed, the correlation of the public housing share with funding is 0.148 when funding is reported to the initial housing stock, but this correlation is -0.186 when funding is reported to the public housing stock.

This is related to different types of renovation operations which were conducted in different neighborhoods. Table 2 shows that most of the financing was devoted to the destruction and construction of housing (43%) and the rest of the financing was equally divided between equipment and rehabilitation of existing housing units. Actually, the largest investments were made in order to demolish very large public housing projects, as illustrated by the correlation of the share of investments devoted to demolition with total funding by housing unit, which is 0.483, and with the share of public housing, which is 0.167.

The share of total funding devoted to public housing can be approximated by the share of investment devoted to demolitions, new constructions and rehabilitation. Its correlation with the initial share of public housing is 0.224. Altogether, although these correlations are significant, they are not very large, which means that there is some heterogeneity in the type of neighborhoods which received large investments, and in the types of operations they received.

Table 3 presents some descriptive statistics of the housing transactions data. It shows that the mean transaction price is lower in renovated than in non-renovated neighborhoods, with e105,000 per transaction in renovated neighborhoods versus e136,000 in the others. Yet, the average floor space, the share of dwellings with 4 rooms or more and the share of houses are greater in renovated neighborhoods.

Figure 1 shows the housing price evolution (in logarithm) for a reference housing unit in renovated and non-renovated neighborhoods (1) in the Parisian urban unit, (2) in Lyon, Marseille and Lille (the three largest urban units after Paris) pooled together, and (3) in all the other urban units in our sample. Although confidence intervals are large, we observe that prices exhibit similar evolution patterns in each of the three subsamples. Consistently Table 3, prices in non-renovated neighborhoods are on average higher than in renovated neighborhoods, and the gap appears to slightly increase over time. Figure 2 complements this figure by decomposing the sample of transactions depending on the starting year of renovation in the neighborhood. It shows that the evolution of prices before renovation is similar whatever the starting year. This supports the assertion that the starting year of renovation was not decided depending on the evolution of housing prices in the neighborhoods. The average trends after renovation are also not significantly different (s.e. are not shown for readability). Figure A2 in Appendix presents the neighborhood average evolution of the volume of transactions per housing unit in 1999. Here also, there are no significant differences between the treatment group and other neighborhoods. 
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In this section, we first discuss the respective advantages of the two estimators we use. We then present the results, starting with the global impact of the program on housing prices over the whole period following the first renovation operation and then the time-varying treatment impacts.

After that, we test the common trend hypothesis and present some robustness checks. Finally, we explore different explanations for our main result, based on the study of heterogeneities on different subsamples of neighborhoods.

Relative advantages of the DFE and DID l estimators

In order to assess the respective advantages of the DFE and DID l estimators, we start by applying the two steps suggested by De Chaisemartin and D'Haultfoeuille (2020a) to evaluate the potentiality of bias in the DFE estimate. We first compute the weights implied by the decomposition of the DFE estimator into an average of neighborhood-level treatment effects. 21 We find that 27.1% of these weights are negative and that they are significantly correlated with the year of the transaction (with a correlation coefficient of 0.468) and with the starting year of renovation (with a correlation coefficient of -0.375). Given that the individual treatment effects are likely to depend on these two dimensions for the reasons previously explained, the estimation of the average treatment effect based on the DFE estimator might be biased. We then compute the ratio of the absolute value of the DFE estimate (| βT | in Equation ( 1)) over the standard deviation of weights, which is an indicator of the amount of treatment effect heterogeneity that would lead to a DFE estimate with a sign opposite to that of all individual treatment effects. The value of this ratio is 7.1, which suggests that only a large amount of treatment effect heterogeneity would lead to a DFE estimate of opposite sign as compared to the real impact of the program. Although this observation tends to be reassuring with respect to the quality of the DFE estimate, such a large heterogeneity in treatment effects cannot be totally excluded. The results regarding the reliability of the DFE estimate are thus ambiguous and advocate in favor of DID l estimations, of which unbiasedness is ascertained.

On the other hand, the DFE estimator also possesses a number of advantages. First, it can be combined with weighting procedures in order to improve the comparability of treated and control groups, which is not possible with the DID l estimator. Additionally, the DFE estimator has the advantage of yielding more precise estimates than the DID l estimator. Indeed, for reasons exposed in 21 The following results are obtained with the twowayfeweights Stata package.

to have larger standard errors than the DFE estimator. Moreover, as noted by De Chaisemartin and D'Haultfoeuille (2020a), in the very stylized case where errors can be assumed to be homoskedastic and uncorrelated, the Gauss-Markov theorem implies that the DFE estimator is the lowest variance estimator.

Consistently with these theoretical remarks, we can observe that the DID l estimates presented in the next paragraphs have larger standard errors than the DFE estimates. The bias-variance trade-off between the DID l and the DFE estimators conjectured by DCDH is hence verified in our setting, with the DID l estimator allowing for the alleviation of bias and the DFE estimator for the reduction of variance.

Given the ambivalent results regarding the DFE estimate's bias and its merit in terms of variance, we thereafter present results based on both DFE and DID l estimators.

Urban renewal policy's impact on property prices

Global treatment effects. We start by analyzing the global effect of the program on housing prices at the aggregate level of France, estimating Equation 1 for the DFE estimation and then its DID l counterpart. These results are presented in Table 4, where explanatory variables are progressively introduced. In Column (1), naive results in which only neighborhood and year fixed effects are included in the regression are shown. In the following columns, we progressively introduce housing controls (in Column (2)), the distance of the transaction to the center of the urban unit (in Column (3)), urban unit trends (in Column (4)), QRU trends (in Column ( 5)). 22 More precisely, as the DID l method does not allow for the introduction of an additional trend, its Column (5) estimation includes a dummy control for renovated neighborhoods instead of a QRU trend. Table 4 indicates that the estimated effect of the PNRU program on housing prices tends toward zero with the introduction of additional control variables. Indeed, the estimated effect varies, in the case of the DID l method, from a non-significant effect of around -5.3% in Column (1) to a non-significant effect of around 1.1% in Column (5). 23 With the DFE method, the estimated effect varies from a non-significant -5.8% in Column 1 to a non-significant effect of around 0.4% in Column (5).

We can note that including housing characteristics mitigates the negative estimated coefficient,

22 Table A1 in Appendix presents estimated coefficients for all control variables, most of which are very significant and in line with common sense.

which suggests that housing units transacted in neighborhoods under renovation probably were of lower quality relative to housing units transacted in control neighborhoods. The change in the estimated coefficient when urban unit trends are included shows the importance of controlling for the general evolution of the housing market at the city level. The estimates of global treatment effects given by the DFE estimator and the DID l estimator are very close to each other in the first four specifications. They diverge only in Column (5) due to the (already noted) non-introduction of the renovated-neighborhoods' specific trend for the DID l estimator. On the overall, Table 4 suggests that the program did not have a significant impact on housing prices, or that this effect was smaller than 5.8% (resp. 2.3%) on average according to the upper bound of the 95% confidence interval of the DID l (resp. DFE) coefficient in Column ( 5). The similarity of results with the DFE and DID l estimators in all of the specifications tends to show that the DFE estimates are unbiased.

Time-varying treatment effects, pre-trends and placebos. 4. 24 For the DFE estimation, this corresponds to the temporal decomposition of global effects. As to the DID l estimator, these time-varying coefficients are those which are averaged in order to compute the global effect shown in Table 4.

Time-varying effects have larger confidence intervals than static treatment effects due to a decrease in the number of observations available for the computation of each estimate. Additionally, the confidence intervals are larger for more distant time-varying effects for two reasons. First, the number of observations used to estimate more distant dynamic time-effects is lower. Indeed, given the timing of renovation, fewer neighborhoods are available to estimate the effect of renovation 10 years after its start as compared to 2 years after its start. A second reason is that uncertainty increases (with any type of estimation) when looking at longer term impacts as compared to shortterm ones (notably due to the possibility that more and more external exogenous shocks come to disturb the measured effects...).

Regarding the treatment effects, the two graphs seem to corroborate the results of Table 4.

Indeed, non-negligible point estimates are obtained after 4-5 and 6-7 years in the DFE method, but they are not significant at the 5% level and point estimates go down to 0 after 8-9 and 10 years. The DID l method, which is more robust but leads to less precise estimators, especially in periods further away from the renovation date, exhibits a flatter evolution. Overall, the time-varying estimates thus confirm the absence of a significant or sustained impact of the program on housing prices.

The placebo estimated coefficients are small and not significantly different from 0, which suggests that treated and control groups indeed experienced similar housing price trends before the start of renovation.25 Source: French Notaries Association datasets Bien and Perval and authors' treatments.

Robustness checks

In order to assess the robustness of these results, we first experiment alternative clustering levels.

Secondly, we use weighting procedures combined with the DFE estimator to see whether improving the comparability between the treatment and control groups alters the results. Thirdly, we verify that restricting our dataset to obtain a constant set of treated neighborhoods for all estimated time-varying coefficients does not change the results for the time-varying effects. Eventually, we check that accounting for the Enterprise Zone program that took place in some of the renovated neighborhoods does not affect our results.

Varying cluster levels. Weighting method. In Table A3 in Appendix, we experiment alternative control groups with the DFE estimator, by using a weighting technique in order to reduce the differences between the treated and control groups. This method, also used in Ahlfeldt, Maennig and Richter (2017), consists in estimating the probability for each urban policy neighborhood to be renovated, based on its characteristics. Then, we weight each neighborhood (renovated and non-renovated ones)

depending on the difference between their predicted probability to be renovated and the threshold value that best predicts designation (i.e. the observed share of renovated neighborhoods). 27,28 The smaller this difference, the larger the weight associated to the neighborhood, following the idea that, around this threshold, selection is more likely to be as good as random. We then run a DFE regression, using these weights. In Column (1), the optimal bandwidth is used (Silverman, 1986).

In Column (2), the bandwidth is twice the optimal bandwidth. In Column (3) (resp. ( 4) and ( 5)) , the 25% (resp. 50% and 75%) of non-renovated neighborhoods that are the most distant from the 26 We do not perform the same robustness check with the DID l estimator because this estimator is valid only on data aggregated at the neighborhood × period level, which means that clustering at the Iris level is not possible. 27 The following neighborhood-level weights are used:

ws = 1 λ √ 2π exp -1 2 S S - S λ 2 with λ the bandwidth.
threshold are dropped while all the remaining neighborhoods are given a weight of 1. It is clear from Table A3 that improving the comparability between the treated and control groups does not alter the results, as none of the estimated coefficients are significantly different from 0.29 Estimation on a constant set of neighbourhoods. As a third robustness check, we restrict the panel to neighbourhoods that entered the program first. Indeed, given the timing of renovation and the observation period in our data, the temporal effects of the program are not all estimated on the same sets of neighborhoods. For example, the impact of the program after 2 years is estimated on neighborhoods where renovation started in any year between 2004 and 2012, while the impact after 10 years is computed only on neighborhoods where renovation started in 2004.

It is also the case for the estimation of pre-trends. This pattern leads to potential composition effects. Consequently, as a last robustness check, we estimate DID l time-varying effects, keeping only neighborhoods in which renovation started in 2004 or 2005 and restricting the sample to timevarying effects comprised between (-4,-3) and (+8,+9), so that each effect is estimated on exactly the same set of neighborhoods. The results, depicted in Figure A5, suggest that the program did not have any sizable impact on housing prices, consistent with the effects depicted in Figure 3.

Together with Figure 2, this robustness check contributes to rule out potential identification threats due to anticipation effects or endogeneity of program entry date. Indeed, there might potentially be a concern that housing prices could have begun to increase as soon as information about the program was made public, so that considering the year of first funding as the start of renovation would miss the early impacts of the program. As the PNRU was voted in mid-2003, housing prices in neighborhoods in which renovation began several years later could be affected by this type of anticipations. However, neighborhoods in which renovation started in 2005, let alone 2004, are unlikely to be concerned. Therefore, the similarity of the results obtained when restricting the sample to neighborhoods renovated in 2004 and 2005 shows that the overall absence of effect of the program cannot be attributed to anticipations.

Accounting for the Enterprise Zone program. In parallel to the PNRU renovation program, some of the neighborhoods in our sample were part of an Enterprise Zone program targeting a list of neighborhoods called "Zones Franches Urbaines" (ZFU in the following). This program was led in three waves, with new neighborhoods successively joining the program in 1996, 2003 and 2006. We focus on the second and third waves, which dates of implementation coincide with our period of study. 51 renovated neighborhoods and 5 non-renovated ZUS in our sample belong to the second or third wave of the Enterprise Zone program. As a robustness check, we added into our baseline specification a dummy equal to zero before the inclusion of the neighborhood into the ZFU program and equal to one after, in order to control for the specific effect of this other program. We further add a time trend specific to the ZFU neighborhoods, to account for a potentially different housing price dynamic in the ZFU as compared to the other ZUS.

Table A4 reports the results obtained. Columns (1) and ( 2) simply report the results obtained with the same specifications as in Columns ( 4) and ( 5) of Table 4, but a few observations were lost in the merging with the ZFU database. Columns (3) and ( 4) show a barely significant negative impact of belonging to a ZFU, which in any case does not affect our results regarding the renovation program's impacts.

Possible explanations for the absence of significant impacts of the program

The limited size and non-significance of the estimated aggregate impact of the renovation program could be explained by a variety of rationales, which we hereafter successively discuss. For this discussion, we focus on DFE estimations, which have lower standard errors and allow to account for a renovated-neighborhoods specific trend as explained before.

A first explanation for the absence of a significant aggregate impact of the renovation program on housing prices could be based on the fact that, although the total amount of funding dedicated to the program at the national level was large, some of the renovated neighborhoods received too little of it, which prevented any reaction from the local housing market or may even have been counterproductive by increasing the stigma around these neighborhoods (see Ding, Simons and Baku, 2000). As shown in Table 2, the amount of funding per initial housing unit has a large variance, and even more so when considering the amount of funding divided by the number of public housing units alone, which makes sense because renovation is largely focused on public housing buildings and their surroundings, even if a larger neighborhood is targeted by the program.

To test this explanation, we investigate whether the level of funding received by the neighborhood for its renovation modifies the estimated impact of the program. In practice, we add to our previously preferred specification (of Column (5) in Table 4) a continuous treatment variable equal to 0 before the start of renovation and to the total amount of funding invested in the neighborhood during the program, with respect to either all housing units or public housing units, after the start of renovation. We also include in some columns the square of this continuous variable.

More specifically, in Table 5, Column (1) replicates the baseline DFE estimate of the program's impact, Columns (2) and (3) include the continuous treatment effect of the amount of funding per housing unit (along with its square in Column (3)), and Columns (4) and ( 5) the continuous treatment effect of the amount of funding per public housing unit (along with its square in Column (5)).

Table 5: Impact of the program depending on the level of funding per housing unit or per public housing unit Notes: Dependent variable is the log price of the housing transaction. βT stands for the coefficient of the treatment dummy variable, β T,f h (resp. β T,f h 2 ) for the coefficient of the continuous treatment variable defined as the (resp. squared) ratio of funding to the initial stock of housing (e100,000/pub. housing unit in 1999), and β T,f ph (resp. β T,f ph 2 ) for the coefficient of the continuous treatment variable defined as the (resp. While the amount of funding per housing unit clearly does not have a significant impact on private housing prices, the amount of funding per public housing unit is associated with a positive point estimate, significant at the 95% confidence level both with and without the QRU trend.

β T β T,f h β T,f h quad. β T,f ph β T,f ph quad. (1) (2) (3) (4) (5) 
Moreover, this effect of program intensity increases at a decreasing rate, as evidenced by the negative coefficient of the squared continuous treatment variable (Column ( 5)) and by Figure A6 in Appendix. 30 In Columns ( 9) and ( 10) of Table 6, the estimation of the program's impact on two subsamples corresponding to renovated neighborhoods that received less or more than the median funding per public housing unit (that is, e53,950) corroborates the preceding result: the treatment effect is significantly different from 0 at the 90% confidence level only for neighborhoods with a funding above the median. This suggests that the intensity of the program with respect to the public housing stock does mediate its impact on housing prices.

In the following of our investigations, we thus focus our efforts on understanding the factors that may influence the effects of the program intensity, measured as the amount of funding in relation to the initial public housing stock.

A second explanation for the lack of a significant aggregate impact of the renovation program could be the existence of heterogeneous effects, depending on the renovated neighborhoods' characteristics. These heterogeneous effects could cancel each other out at the aggregate level, as shown for example in Briant, Lafourcade and Schmutz (2015) and Albanese, Ciani and de Blasio (2021). We therefore investigate four potential heterogeneous effects along four distinct characteristics of neighborhoods: their median annual revenue level, their share of public housing (both measured before the start of renovation), the size of the city they belong to, and the distance of the neighborhood to the CBD. More precisely, for each dimension, we divide our sample of urban policy neighborhoods into two, according to their position with respect to the median, except for the city size for which we separate neighborhoods located in the four largest cities of France (Paris, Lyon, Marseille, Lille) and the others. 31,32 We evaluate the intensive impact of the program on each subsample. The re-30 Figure A6 shows that the confidence interval of the estimated treatment effects increases strongly with the treatment variable. Still, the treatment effect is significantly different from 0 starting at about e300,000 per public housing unit. 31 We chose to compute the median according to the number of observations rather than the number of neighborhoods, and considering only the renovated neighborhoods, so as to ensure having enough observations for renovated neighborhoods on both sides of the median. This is the reason why the number of observations differ in the subsamples above and below the medians. 32 The corresponding medians are: e10,040 for the median annual revenue, 49% for the share of public housing in 1999, and 4.1 km for distance to the CBD.

sults are depicted in the two upper panels of Table 6 (Columns (1) to (8) follow the aforementioned list of heterogeneities). 33 To ease the interpretation of the quadratic form, Figure A9 in Appendix presents the plots of marginal treatment effects depending on the amount of funding for subsamples with significant coefficients.

We observe that, in neighborhoods with a (relatively) high revenue level or a low share of public housing, the program's impact appears to have been positive (although only slightly significant)

and non linear, while this is not the case for neighborhoods with a low revenue level or a high share of public housing. This weakly suggests that a stigma effect may have played a role in the poorest neighborhoods and in neighborhoods with a high share of public housing, thereby preventing the renovation to trigger an increase in housing prices. This idea is supported by a recent report from the French Court of Auditors (Cour des Comptes, 2020), which acknowledges the stigma around renovated neighborhoods. The results depending on distance to the CBD are in line with González-Pampillón, Jofre-Monseny and Viladecans-Marsal (2019)'s results and consistent with the idea that the attractivity of the neighborhoods' location mediates the renovation program's impact.

The PNRU appears to have significantly increased housing prices in neighborhoods located within a radius of 4.1 km from the CBD. On the contrary, we do not find any evidence in favor of a differenciated impact depending on city size.

Thirdly, an additional line of explanation for the lack of aggregate impact could be that urban renewal operations differ with respect to their impact on housing prices (as shown by Albanese, Ciani and de Blasio, 2021) and that this program puts a lot of emphasis on specific types of renovation operations that only have a limited impact on housing prices. Table 2 shows that, on average, close to 45% of funding were devoted to public housing demolition and construction, and less than 29% to equipment, that is improvements of public spaces and public facilities such as schools, sport areas or social centers. To test this possibility, we once more rely on the comparison of pairs of subsamples defined according to the median: we compare the program's impacts in neighborhoods with a low versus high share of funding devoted to public housing units demolition and construction, neighborhoods with a low versus high share of funding devoted to public housing units renovation and beautification and, eventually, neighborhoods with a low versus high share of funding devoted to the building or renovation of public equipment. The results are presented in Column (11) to 33 The graphs for placebos and dynamic treatment effects for each of these subsamples can be found in Figures A7 and A8 in the Appendix. For the sake of simplicity, these graphs of dynamic treatment effects include only a linear continuous treatment.

with a low share of funding devoted to construction/demolition (at the 95% confidence level) or to renovation of public housing (at the 90% confidence level) and neighborhoods with a high share of funding devoted to equipment (at the 99% confidence level) experienced an increase in their housing prices due to the renovation. Altogether these results provide some evidence that renewal operations on equipment have a larger effect on housing prices than construction/demolition and renovation operations that target almost exclusively public housing. This appears to be sensible as equipment operations directly benefit private housing owners by improving the city services to which they have access, while construction/demolition and renovation operations mainly benefit public housing tenants and therefore can be expected to have a lower impact on private housing prices. The fact that the program focused most of its funding (75%) on public housing demolition, construction and renovation rather than on equipment and public spaces (25%) may thus also contribute to explain the lack of aggregate impact on housing prices. Figure A9 shows that, for neighborhoods with a high share of funding for equipment, the impact of renovation is the largest and most significant, together with the impact for neighborhoods with a high median revenue.

Finally, a last line of explanation for the lack of aggregate effect could be that the positive price effect implied by the renovation is offset by a supply effect. Indeed, the construction of new public housing units might be expected to have resulted in an increase in the global housing supply which, if sufficiently large, could cancel out the price effect of improved attractivity. However, we can observe in Table 2 that the public housing stock decreased in renovated neighborhoods between 1999 and 2014, while it increased on average in non-renovated ZUS. Additionally, over the same period, the private housing stock grew in similar proportions in renovated and non-renovated neighborhoods. This suggests that, if any supply effect was at play, it should not have led to a ceteris paribus reduction of housing prices in renovated neighborhoods relatively to non-renovated ones. We also measured the impact of the program on yearly housing transactions rates (namely, the ratio of the yearly number of transactions to the number of housing units in the neighborhood in 1999) in renovated neighborhoods (see Table 7) and found no evidence that the program affected the level of activity on the housing market. These observations suggest that the lack of aggregate effects of the program on housing prices cannot be explained by a supply effect. Notes: Dependent variable is the log price of the housing transaction. β T stands for the coefficient of the treatment dummy variable. β T,f ph (resp. β T,f ph 2 ) is the coefficient of the continuous treatment variable defined as the (resp. squared) ratio of funding to the initial stock of public housing (e100,000/pub. housing unit in 1999). Column (1) (resp. ( 2)) restricts the treated group to renovated neighborhoods where the 2001 median annual revenue is above (resp. below) 10,040 euros. Column (3) (resp. 4)) is for a subsample of neighborhoods with more (resp. less) than 49 % public housing in 1999. Column (5) (resp. ( 6)) corresponds to France's four largest urban units (Paris, Lyon, Marseille, Lille) (resp. other urban units). Column (7) (resp. ( 8)) is for a subsample of neighborhoods with below (resp. above) 4.1km distance to the CBD. Column (9) (resp. ( 10)) is for a subsample of renovated neighborhoods with below (resp. above) e53,950 funding per public housing unit. Column (11), ( 13), (15) (resp. ( 12), ( 14), ( 16) are for subsamples of neighborhoods with below (resp. above) median share of funding devoted to public housing construction/demolition, public housing renovation/beautification, improvement and construction of public facilities (which medians are respectively 38.5%, 13.8% and 27.0%).

Control variables are the same as in Column (5) of 

Discussion and conclusion

In this article, we analyze the effects of the French Programme National de Rénovation Urbaine, an ambitious urban renewal program targeting large public housing developments and their environment in around six hundred deprived neighborhoods. Using the DID l estimator proposed by De Chaisemartin and D'Haultfoeuille (2020b) and complementing it by the potentially biased but also more precise traditional double fixed effect difference-in-differences estimator, we do not find any significant impact of the French renovation program on local housing prices at the aggregate level: our results indicate that the program had, in any case, an average impact of less than 2.3% on housing prices.

However, this aggregate result appears to hide some heterogeneous effects according to the amounts invested, depending on the characteristics of the renovated neighborhoods and of the renovation operations. Four distinct factors appear to have played a role in modulating the program's impact on housing prices. First, an intensity effect is shown to influence the impact of renovation on housing prices: the higher the funding with respect to the initial size of public housing stock, the more positively housing prices evolved. Second, a stigma effect seems to have been at play in the poorest neighborhoods and in neighborhoods with the highest share of public housing, cancelling any positive impact on housing prices. Third, closeness to the CBD appears to be important, as only renovated neighborhoods located close enough to their urban unit's CBD experienced an increase in attractivity. Lastly, an important share of the PNRU funding was targeted specifically on the public housing stock, for its demolition, reconstruction or renovation, so that the benefits for private homeowners was limited, while it has been larger in neighborhoods where renovation focused on the improvement of the neighborhoods' public spaces and public facilities. Additionally note that, as the private housing stock evolved similarly in renovated and non-renovated neighborhoods while the public housing stock in renovated neighborhoods was the only one to decrease, and as the program does not appear to have affected the volume of housing transactions, we rule out the hypothesis that the absence of aggregate effect of the program was due to an increase in housing supply in renovated neighborhoods.

In addition to the four distinct factors identified in the paper, a fifth potential explanation, which can unfortunately not be properly tested with our dataset, could be that the limited effect of the program on the social composition of renovated neighborhoods prevented the increase in public housing's and in local equipment's quality to translate into higher housing prices. 35 If studied in the literature, some other factors likely to contribute to the lack of aggregate effect of the PNRU program can be identified.

First, the US urban renewal programs studied by Collins and Shester (2013) and Rossi-Hansberg, Sarte and Owens III (2010), which appear to have had positive impacts, although they share with the PNRU program the recourse to large demolitions, differ from it with regards to the targeting of the program on private housing (rather than public housing in our case) and with regards to the share of private housing in renovated neighborhoods (obviously much higher in the US contexts than in our setting). Additionally, the program studied by Collins and Shester (2013) was based on clearing out entire areas to eliminate slums in order to redevelop central cities areas in a context of economic growth, while the PNRU program was not that radical in its approach and did not benefit from a favorable economic context. These factors may contribute to explain why these two previous studies find a significant effect of their urban renewal program while we do not measure any for the PNRU program.

Then, the Dutch urban renewal program studied by Koster and Van Ommeren (2019) shares with the PNRU program its focus on the renovation of public housing. However, public housing does not play the same role in the two contexts: while in the Netherlands public housing represents 90% of rental housing and does not strongly concentrate low-income households, this is not the case in France, where public housing represents 17% of the housing stock in 2002 (that is, 45% of rental housing) with a much higher concentration of low-income households. The gap between housing prices in renovated neighborhoods and the rest of the city in the Dutch context, which is only of 3.5%, confirms that the neighborhoods targeted for renovation were not nearly as deprived as in the French context. The fact that Koster and Van Ommeren (2019) find a significant impact of urban renewal while PNRU's impact is not sizable therefore could be partly explained by the higher level of stigma in French renovated neighborhoods as compared to the Dutch ones.

Eventually, the context of the German urban renewal program studied by Ahlfeldt, Maennig and Richter (2017) is not far from ours in what concerns the homeownership rate in renovated neighborhoods (much lower than in the other contexts of urban renewal studied in the literature).

This program also shares with the PNRU its top-down approach, which was stressed, in the case of the PNRU, by the French Court of Auditors (the Cour des Comptes) in a recent report as a lack of coordination between state authorities and local actors during the PNRU (Cour des Comptes, 2020). These two features may also contribute to explain the fact that these two programs are found to have had no significant effect on housing prices. Notes: Dependent variable is the log price of the housing transaction. βT is the estimated average effect of renovation over the years after renovation started. In Columns (1) and ( 2), neighborhoods are weighted based on the predicted probability to be treated estimated in a preliminary step, using Silverman (1986)'s methodology, with a bandwidth set at the optimal level in Column (1) and at twice the optimal level in Column (2). In Column (3) (resp. ( 4) and ( 5)), the 25% (resp. 50% and 75%) of non-renovated neighborhoods, of which estimated probability to be renovated is the most distant from the proportion of renovated urban policy neighborhoods, are dropped from the sample and all the remaining transactions are given a weight equal to 1. Explanatory variables included are housing unit characteristics, distance, urban unit time trends and year and neighborhood fixed effects. The variables used for predicting treatment are at the neighborhood level: the percentage of public housing in the housing stock, the share of homeowners, the unemployment rate, the median household income, and the same four variables squared. Robust standard errors clustered at the neighborhood level in parentheses. *** p<0.01, ** p<0.05, * p<0.1. Notes: Dependent variable is the log price of the housing transaction. βT is the estimated average effect of renovation over the years after renovation started. Columns (1) and ( 2) report the results obtained with the same specifications as in Columns ( 4) and ( 5) of Table 4. In Column (3) a ZFU dummy is introduced. In Column ( 4 

  each renovated neighborhood the amounts allocated by the Agency, the amounts provided by other financing partners, such as social landlords or municipalities, the list of operations conducted, the number of housing units demolished, constructed and renovated, and the dates at which the Agency supplied funds. Finally, we complete the data with local-level socio-economic and income characteristics from the 1999 French Census (Recensement de la Population 1999) and localized fiscal revenues data (Revenus Fiscaux Localisés 2001) provided by the French Institute of Statistics (INSEE).

Figure 1 :

 1 Figure 1: Housing price evolution for a reference housing unit in renovated and non renovated urban policy neighborhoods in the Parisian urban unit (upper left), Lyon, Marseille and Lille urban units (upper right), in the other urban units (bottom). .

Figure 2 :

 2 Figure 2: Housing price evolution for a reference housing unit in non-renovated and renovated urban policy neighborhoods depending on the starting year of renovation.

  Figure 3 displays the timevarying effects of the program and pre-trends and placebos based on DID l and DFE estimates, with the same control variables as in Column (5) of Table

Notes:

  The dependent variable is the log price of the housing transaction. (a) βT is the estimated average effect of renovation computed over the years following the start of renovation. For the DFE method, it corresponds to βT in Equation (1). For the DID l estimation, it is computed as a weighted average of time-varying effects, with weights proportional to number of switchers used in each time-varying effect estimation (see De Chaisemartin and D'Haultfoeuille, 2020b and average effect option in the did multiplegt Stata package) (b) The total number of observations is the sum over all timevarying effect of the numbers of transactions used to estimate each effect. (c) The total number of switchers is the sum over over all time-varying effect of the numbers of transactions in neighborhoods entering the treatment. Housing unit characteristics are described in the data section. Urban unit time trends are quadratic for the DFE estimator and linear for the DID l estimator. A trend specific to the municipality of Paris is included. In Column (5), the DID l estimation includes a dummy control for renovated-neighborhoods instead of a trend. Robust standard errors clustered at the neighborhood level in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

Figure 3 :

 3 Figure 3: Estimated time-varying impacts of the PNRU program on housing prices, and placebo or pre-trend coefficients

  squared) ratio of funding to the initial stock of public housing (e100,000/housing unit in 1999). Control variables are housing unit characteristics, distance, urban unit time trends and year and neighborhood fixed effects. Robust standard errors clustered at the neighborhood level in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

  ) a ZFU dummy and a ZFU time trend are introduced. Control variables are housing unit characteristics, distance, urban unit time trends and year and neighborhood fixed effects. Robust standard errors clustered at the level indicated in column title in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

Figure A1 :

 A1 Figure A1: The urban unit of the city of Grenoble and its urban policy neighborhoods

  Error bars indicate the 95% confidence intervals. Source: French Notaries Association datasets Bien and Perval and authors' treatments.

Figure A4 :

 A4 Figure A4: Estimated time-varying impacts of the PNRU program on housing prices, and placebo or pre-trend coefficients with neighborhood weighting -DFE estimator

Figure A5 :

 A5 Figure A5: Robustness checks: Impact of the PNRU program on housing prices keeping only renovated neighborhoods where renovation started in 2004 or 2005 and restricting the sample to time-varying effects comprised between (-4,-3) and (+8,+9).

  Error bars indicate the 95% confidence intervals. Source: French Notaries Association datasets Bien and Perval and authors' treatments.

Figure A6 :

 A6 Figure A6: Average marginal treatment effect depending on the level of funding per public housing unit.

Figure A9 :

 A9 Figure A9: Average marginal treatment effect depending on the level of funding per public housing unit -for 8 subsamples

  

  

Table 1

 1 also shows the distribution of the year of first funding obtained from the ANRU for

	transactions located in renovated neighborhoods. In most renewed neighborhoods (230 out of the
	415 renovated neighborhoods in our sample), ANRU signed its first financial commitment as early
	as 2004. In a sizable number of neighborhoods (122), the first funding was obtained between 2005
	and 2007. Only in 63 neighborhoods did funding start between 2008 and 2014. The distribution of
	treatment adoption over time and across neighborhoods is therefore highly non-uniform, especially
	because there are neighborhoods treated for most of the observation period and others treated only
	at the end of the period.

Table 1 :

 1 Number of neighborhoods and transactions in the estimation sample

		Non-renovated neighborhoods	Renovated neighborhoods
		# neighb.	# transactions	# neighb. # transactions
	Total	232	20,851	415	51,342
	Starting year of renov.				
	2004			230	32,895
	2005			69	7,947
	2006			22	2,099
	2007			31	2,059
	2008			22	1,826
	2009			18	1,711
	2010			6	300
	2011			7	1,735
	2012			2	14
	2013			3	469
	2014			2	127
	2015			3	160

Source: French Notaries Association datasets Bien and Perval ; ANRU, Engagements and Enquête Livraison datasets.

Table 2 :

 2 Characteristics of renovated and non-renovated neighborhoods and characteristics

	of renovation					
		Non-renovated	Renovated	
		neighborhoods	neighborhoods	Eq. test
		mean	sd	mean	sd	p-value
		Characteristics of neighborhoods
	Housing stock					
	% public housing	50.8	21.2	56.3	20.5	0.001
	% owner-occupiers	29.0	14.3	25.3	12.7	<0.001
	Number of dwellings	1584	2011	2809	2951	<0.001
	∆ public housing 1999-2014 (in %)	11.0	110.2	-0.4	33.6	0.068
	∆ private housing 1999-2014 (in %)	17.8	28.4	18.6	32.6	0.753
	Population in 1999					
	% blue-collar workers	36.2	10.7	36.9	9.0	0.430
	% executives	9.9	5.6	9.3	4.5	0.107
	% French citizenship	87.9	7.7	85.6	8.5	<0.001
	Unemployment rate	22.1	7.2	24.6	7.5	<0.001
	Median annual income 2001 (in e)	11,015 2,413	10,056	2,339	<0.001
		Characteristics of renovation
	Renovation funding					
	Total funding / housing unit stock	.	.	93,002	101,028	
	Total funding / public housing unit stock	.	.	191,761 1,220,317	
	Share of renovation expenditures on					
	Housing constr. and demolition	.	.	43.2	24.1	
	Rehabilitation	.	.	27.8	18.9	
	Equipment	.	.	28.9	20.0	
	Observations	231			415	

Note: The last column shows the p-value of two-sample tests of equality of mean or proportion.

Source: Population Census 1999 and ANRU, Engagements and Enquête Livraison datasets.

Table 3 :

 3 Descriptive statistics on transacted housing units in urban policy neighborhoodsNote: The last column shows the p-value of two-sample tests of equality of mean or proportion.

		Non-renovated neighborhoods Renovated neighborhoods Eq. test
		mean	sd	mean	sd	p-value
	Price (Euros)	136,119	105,395	105,504	64,881	<0.001
	Floor space (m 2 )	63.5	28.0	68.0	26.7	<0.001
	Number of rooms					
	1	0.12	0.32	0.08	0.27	<0.001
	2	0.23	0.42	0.18	0.39	<0.001
	3	0.27	0.44	0.29	0.45	<0.001
	4	0.25	0.43	0.28	0.45	<0.001
	≥ 5	0.14	0.34	0.17	0.37	<0.001
	Number of bathrooms					
	None	0.03	0.17	0.02	0.15	<0.001
	1	0.88	0.33	0.89	0.32	<0.001
	≥ 2	0.04	0.20	0.04	0.20	0.423
	Unknown	0.05	0.22	0.05	0.22	0.054
	Detached housing (%)	0.13	0.33	0.16	0.37	<0.001
	Building less than 5 years	0.00	0.05	0.01	0.07	<0.001
	Building period					
	≤ 1913	0.13	0.34	0.05	0.23	<0.001
	1914-1947	0.09	0.29	0.10	0.30	<0.001
	1948-1969	0.23	0.42	0.23	0.42	0.013
	1970-1980	0.20	0.40	0.28	0.45	<0.001
	1981-1991	0.06	0.24	0.05	0.23	<0.001
	1992-2000	0.03	0.16	0.02	0.14	<0.001
	2001-2010	0.01	0.12	0.02	0.12	0.7621
	2011-2020	0.00	0.05	0.01	0.07	<0.001
	Unknown	0.24	0.43	0.24	0.43	0.862
	Year of transaction					
	2000	0.13	0.34	0.13	0.33	0.465
	2002	0.12	0.33	0.12	0.33	0.805
	2004	0.14	0.35	0.15	0.36	0.003
	2006	0.12	0.32	0.12	0.33	0.021
	2008	0.13	0.33	0.13	0.34	0.066
	2010	0.13	0.34	0.12	0.33	0.002
	2012	0.11	0.32	0.11	0.31	0.183
	2014	0.13	0.33	0.12	0.33	0.009
	Distance to city center (km)				
	Paris	16,96	7.21	14.66	8.60	0.081
	Lyon, Marseille, Lille	6.35	7.30	5.84	4.53	<0.001
	Other urban units	3.92	4.92	3.01	2.13	<0.001
	Observations		20,851		51,342	

Source: French Notaries Association datasets Bien and Perval, Recensement de la Population 1999, Revenus Fiscaux Localisés 2001 and authors' treatments.

Table 4 :

 4 Impact of the PNRU program on housing prices -Different sets of controls

			Fixed	+ Housing	+ Dis-	+ Urb. unit + QRU
			effects	controls	tance	trends	trend
			(1)	(2)	(3)	(4)	(5)
	DID l estimator					
	β T	(a)	-0.0545	-0.0340	-0.0323	0.0117	0.0106
			(0.0480)	(0.0259)	(0.0247)	(0.0247)	(0.0248)
	Total observations (b)			93,252		
	Total switchers (c)			32,755		
	DFE estimator					
	β T	(a)	-0.0594 *	-0.0351	-0.0347	0.0105	0.00440
			(0.0354)	(0.0225)	(0.0226)	(0.0095)	(0.0095)
	R-squared	0.371	0.772	0.772	0.802	0.802
	Observations			72,142		
	Controls					
	Years fixed effects	X	X	X	X	X
	Neigh. fixed effects	X	X	X	X	X
	Housing unit charac.		X	X	X	X
	Distance to urb. unit center			X	X	X
	Urban unit time trends				X	X
	QRU trends					X

  Table A2 shows estimates of the program's effect obtained with the DFE method, when varying clustering levels. Column (1) repeats the baseline estimate shown in Column 4 of Table 4. The clustering is shifted to the urban unit level in Column (2), and to the infracommunal IRIS level in Column (3).
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It is clear from this table that variations in the clustering level do not drastically affect the results, as the impact of the program remains insignificant in all of these alternative estimations.

Table 6 :

 6 Heterogeneities in impacts depending on characteristics of neighborhood, urban unit size, distance to CBD, and funding share devoted to a given operation type.

	2001 med. annual revenue % pub. housing in 1999
	Low	High	Low	High
	(1)	(2)	(3)	(4)

Table 4

 4 

. Robust standard errors clustered at the neighborhood level in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

Table 7 :

 7 Impacts of the program on the number of trans-

	actions per 1000 housing units (in 1999)	
		Fixed	+ Urb. unit	+ QRU trend
		effects	trends & dist.	
		(1)	(2)	(3)
	β T	0.415	0.307	-0.176
		(0.428)	(0.455)	(0.571)
	β T,f ph	0.0803	0.141	0.133
		(0.258)	(0.312)	(0.310)
	β T,f ph 2	-0.00102	-0.00215	-0.00191
		(0.00633)	(0.00761)	(0.00756)
	R-squared	0.866	0.881	0.881
	Observations	4,241	4,241	4,241
	Note: The dependent variable is the number of private housing transac-
	tions per year divided by the number of housing units in 1999 (x 1,000).
	Robust standard errors clustered at the neighborhood level in parenthe-
	ses. *** p<0.01, ** p<0.05, * p<0.1.	

Table A2 :

 A2 Robustness checks: Alternative clustering levels -DFE estimator Dependent variable is the log price of the housing transaction. βT is the estimated average effect of renovation over the years after renovation started. In Column (1), fixed effects and standard error clustering are at the neighborhood level. In Column (2), fixed effects are at the neighborhood level and standard error clustering at the urban unit level. In Column (3), fixed effects are at neighborhood level and standard error clustering is at the infra-communal IRIS level. Explanatory variables included are housing unit characteristics, distance, urban unit time trends, renovated-neighborhoods linear trend and year and neighborhood fixed effects. Robust standard errors clustered at the level indicated in column title in parentheses. *** p<0.01, ** p<0.05, * p<0.1.

		FE neigh.	FE neigh.	FE neigh.
		Cluster neigh. Cluster urb. unit Cluster IRIS
		(1)	(2)	(3)
	β T	0.00440	0.00440	0.00440
		(0.00957)	(0.0107)	(0.00657)
	R-squared	0.847	0.847	0.847
	Observations	72,142	72,142	72,142

Notes:

Table A3 :

 A3 Robustness checks: Difference-in-differences with neighborhood weighting -DFE estimator

			Weighting procedure	
		Bandwidth value	W/o most distant ZUS
		Optimal Opt. × 2	25%	50%	75%
		(1)	(2)	(3)	(4)	(5)
	β T	0.0202	0.000944	0.00703	0.00715 -0.00233
		(0.0180) (0.0135) (0.00998) (0.0105) (0.0140)
	R-squared	0.839	0.834	0.837	0.830	0.838
	Obs.	71,570	72,142	65,512	54,213	23,854

Table A4 :

 A4 Robustness checks -Accounting for the "ZFU " Enterprise Zone Program

		(1)	(2)	(3)	(4)
	β T	0.0118	0.00435	0.00639	0.00411
		(0.00959) (0.00964) (0.00973) (0.00948)
	QRU trend		0.00339	0.00413	0.00597
			(0.00373) (0.00378) (0.00374)
	β T,ZF U			-0.0294** -0.00738
				(0.0117)	(0.0161)
	ZFU trend				-0.00643*
					(0.00351)
	Observations	71,024	71,024	71,024	71,024
	R-squared	0.803	0.803	0.803	0.803
	Number of neighborhoods	636	636	636	636

The annual investment for the PNRU was thus on average e3 billions per year between 2004 and 2018. By way of comparison, annual expenditures on the French Enterprise Zone policy evaluated in[START_REF] Briant | Can tax breaks beat geography? Lessons from the French enterprise zone experience[END_REF] peaked around 2008 with about e0.5 billion that year.

The major contributors to the program were public housing offices, which provided about e20.5 billions. The ANRU comes next with around e11.5 billions. The remaining funding was given mainly by local authorities.

Other estimators have been proposed to overcome this potential bias(Sun and Abraham, 2021;[START_REF] Callaway | Difference-in-Differences with multiple time periods[END_REF][START_REF] Borusyak | Revisiting event study designs[END_REF]. These estimators generally involve modifying the set of units that can act as effective comparison units in the estimation process, but they differ in terms of how the effective comparison units are selected[START_REF] Baker | How Much Should We Trust Staggered Difference-In-Differences Estimates?[END_REF]. De Chaisemartin and D'Haultfoeuille (2020b)'s estimator is very comprehensive in terms of the policy design that can be evaluated, with binary and continuous treatment, and monotonic and non-monotonic treatment. For a recent and comprehensive survey of these estimators, see De[START_REF] De Chaisemartin | Two-Way Fixed Effects and Differences-in-Differences with Heterogeneous Treatment Effects: A Survey[END_REF] 

Among which 27 have no renovated neighborhood.

Note that the urban unit trends are likely to absorb any city-level general equilibrium effects induced by the PNRU program.

If k is negative, the dummy is equal to one when renovation started |k| or |k| + 1 years after the transaction.

In doing so, 1,526 transactions are removed from the control group.

This estimator is equivalent to the DIDM estimator presented in DeChaisemartin and D'Haultfoeuille (2020a) when the treatment is binary and staggered, meaning that individuals can switch in but not out of the treatment, which is the case in our setting. We however refer here to the more general DID l estimator.

We use the conventional interpretation of dummy variables in semi-log models: %∆y = 100 × (e β -1).

The time-varying effects obtained with the same control variables as in Columns (3) and (4) of Table4are presented on FigureA3in the Appendix. By comparison with Figure3, they show that the inclusion of a linear trend specific to renovated neighborhoods tends to flatten the pre-trend.

Whatever the estimator, we do not show coefficients estimated on 20 or less renovated neighborhoods. Joined with the different requirements for the DFE and DID l estimators, this explains why we do not estimate the same number of coefficients for pre-trends and for placebos. Moreover, the longdiff placebo option of did multiplegt used for the DID l estimations compute a placebo coefficient only if the corresponding dynamic treatment effect can be estimated for the same treated groups. For example, the lth placebo assesses if parallel trends holds over l + 1 periods, and is estimated only if the lth dynamic effect can be estimated on the same set of treated groups. This is why we can estimate only three placebo coefficients. The neighborhoods for which pre-trends are estimated with -10,-9 with the DFE estimator are not present in the +6,+7 dynamic effects, nor in the following ones. Note also that, as for dynamic treatment effects, fewer neighborhoods are available to estimate the pre-trend 10 years before the start of renovation as compared to 2 years before its start, which contributes to explain larger standard errors for the first placebo coefficient (-10,-9; -8,-7; ...) as compared to the last one (-4,-3).

This technique is, in spirit, close to a fuzzy regression-discontinuity design as used in[START_REF] Koster | Place-based policies and the housing market[END_REF], in a setting where there is however no explicit eligibility criteria.

We also verified the absence of any pre-trend by estimating Equation (2). The corresponding graph for the specification in Column (2) is presented in FigureA4in Appendix.

The corresponding medians are: 38.5% for the share of funding devoted to public housing units demolition and construction, 13.8% for the share of funding devoted to public housing units renovation and beautification, 27.0% for the share of funding devoted to building or renovation of public equipment.

[START_REF] Guyon | Etude des effets de la rénovation urbaine sur l'évolution du bâti et du peuplement dans les quartiers ciblés entre 2004 et 2013[END_REF] found that the PNRU program led, in renovated neighborhoods, to a 2% decrease in the poverty

Note: Error bars indicate the 95% confidence intervals. Source: French Notaries Association datasets Bien and Perval and authors' treatments.

de Chaisemartin and Xavier d'Haultfoeuille. This research received funding from the Labex OSE, from the Chaire "Habiter ensemble la ville de demain", as part of Labex Intelligences des Mondes Urbains (IMU), University of Lyon, from the Chaire of the Ministry for the Ecological and Solidary Transition (MTES) and from a public grant overseen by the French National Research Agency (ANR-18-CE22-0013-01), which we all gratefully acknowledge. Last but not least, we thank the MTES, which gave us access to the notarial database ("Bases notariales Bien et Perval") and to the CGET and the ANRU, for the other data necessary for this research.

this was indeed the case, this paper could be said to highlight the role of endogenous amenities on the housing market, meaning that the main component of a neighborhood's attractivity is its social composition and not the quality of the built environment, and that this leads to cumulative mechanisms, which are difficult to change.

Our results contribute to shed new light on the existing literature on urban renewal's impacts.

First, they allow to corroborate some of the factors identified in the literature as important mediators of the impact of urban renewal policies on housing markets. Indeed, the key role played by the level of funding, which implies that neighborhoods receiving too little funding do not see their housing prices increase, is in line with Ding, Simons and Baku (2000)'s results that the housing subsidy policy led in Cleveland as of 1991 only had an effect on housing prices in neighborhoods that received enough funding. Additionally, the (weak) evidence found in this article for the existence of a stigma effect that may dampen renovation's impact echoes Santiago, Galster and Tatian (2001)'s results, who find that the urban renewal policy led in Denver in the 1990s only had a significant effect on housing prices in neighborhoods where the share of black residents was low enough. Our results are also in line with those of González-Pampillón, Jofre-Monseny and Viladecans-Marsal (2019) regarding the role of the attractivity of the renovated neighborhood's location.

Second, our results about the heterogeneity of urban renewal's impacts depending on the dominant type of renewal operations led in the neighborhood sound a note of caution regarding any hasty generalization regarding urban renewal's impacts on housing markets. Indeed, the urban renewal programs studied in the literature are very diverse, not only with respect to the neighborhood context in which they take place, but also with respect to the types of urban renewal operations implemented. These operations range from intense and concerted demolition/reconstruction operations led by Local Public Agencies created for this purpose in the US Federal program studied by Collins and Shester (2013) to much less invasive policies such as the First Berlin Renewal Program analyzed by Ahlfeldt, Maennig and Richter (2017), in which private investment in housing was encouraged through "tax reductions, loans, cash advances and further financial support such as cofinancing". Some programs focused on the private housing stock (Ahlfeldt, Maennig and Richter, 2017), some on the public housing stock (Koster and Van Ommeren, 2019) and still others on the improvement of public equipment (González-Pampillón, Jofre-Monseny and Viladecans-Marsal, 2019). The results of these diverse programs are thus not necessarily comparable.

Comparing the setting of the program under study with that of the other urban renewal programs rate in the public housing sector, a 1% increase in the private housing sector and a 1% decrease on the overall.

With regards to theoretical works on the impacts of urban renewal, neither Rossi-Hansberg, Sarte and Owens III (2010)'s nor González-Pampillón, Jofre-Monseny and Viladecans-Marsal (2019)'s model account for the presence of a large share of public housing in the renovated neighborhoods or for the targeting of renovation on the public housing stock. Therefore, it is not straightforward to confront our results to theory. However, we can note that Rossi-Hansberg, Sarte and Owens III (2010)'s model of housing externalities could potentially be marginally amended to allow for an exogenous density of public housing in the renovated neighborhoods. In such a setting, considering that only public housing units are renovated, the magnitude of the impact of renovation on private housing prices in the neighborhood would be predicted to depend on the geographical distribution of public and private housing within the neighborhood. If public and private housing are largely isolated from each other, for example if each stock forms a compact area, then the impact of public housing renovation on (private) housing prices would be predicted to be limited. If, on the opposite, public and private housing are mixed, then a larger impact of renovation would be expected through externalities. As a larger share of private housing is likely to be associated with more mixed public and private housing stock, this adaptation of Rossi-Hansberg, Sarte and Owens III (2010)'s model would predict that a larger share of private housing increases renovation's impact. The results of our heterogeneity analysis depending on the share of public housing in the neighborhood seems to be in line with this prediction: we only obtain a significant positive effect of renovation in neighborhoods with a (relatively) high share of private housing (i.e. more than 51%). The effect of a variation of supply cannot really be discussed with this model as it makes the assumption that the neighborhood is open. The model proposed by González-Pampillón, Jofre-Monseny and Viladecans-Marsal (2019), although it can explain a lack of effect of renovation on the share of migrants in a neighborhood if the share of migrants is too high in the poor neighborhood before the start of the renovation program, leads systematically to a positive effect of renovation on housing prices, which is not in line with the results we obtain.

As a final word, it must be stressed that our results do not imply that renovation had no positive aggregate effects for public housing residents. On the contrary, these effects can be expected to be non-negligible, especially in terms of housing condition and comfort, given that a large share of the public housing stock was rebuilt or renovated. However, they are hard to estimate in our case given the non-market value of rents in public housing in France. 

A Appendix