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Introduction

I Housing market public policies represent 2% of GDP
I 20 billions euros only for housing subsidies APL

I To assess the potential inflationary effect of the APL one
needs reliable data on housing prices / rents

I Agglomeration costs as in Combes et al (2017) are
theoretically grounded on urban land rent and not prices
which include expectations



Data

I Few data are available to study the rental market in France:
I Observatoire des Loyers de l’Agglomération Parisienne

are hard to access and focuses on few cities
I The French Housing Survey only every five years and

representative at the aggregate level and only conducted every
4 years.

I The Quarterly Survey on Rents and Housing
Expenditures are only representative at the aggregate level

I This project aims at bridging the gap of local rental data
using Internet and Data scraping methods



Method

I 80% of rental flats are found using either real estate agency or
private adds

I Since the end of 2015, we regularly scraped the most used
French rental websites



Method to find a flat

Not Furnished Furnished Total

Privately (adds on internet or Newspapers) 37 42 37
Real Estate Agency 41 22 39
by word of mouth 19 20 19
From the employer 1 3 2
Social Services 2 10 3
Others 0 3 1
Total 100 100 100



Webscraping I



Webscraping II



Scraping

I On each website we extract:
I The flats characteristics (price, surface, number of rooms, ...)
I The post characteristics (posting date)
I The post location

I Available at the city, neighborhood, street level



Share of data available at the neighborhood / street level



Observations for Grands Boulevards



Observations for Limoges



Cleaning

Number of observations Percentage

Raw database 2949143 100.00
- Surface not available 304423 10.32
- Price per square meter not in [0, 100] 3791 0.01
- Not geolocalized 34068 1.15
- Type of good not known 37561 1.23

Final database 2569300



Methodological issue

1. The observed prices are not necessary the signed price:
I Desgranges and Wasmer (2000) when the bargaining power of

the tenant is close to zero the rent converges toward the posted
rent when we assume a price competition among landlords

I Binmore, Rubinstein, and Wolinsky (1986): bargaining power
in Nash bargaining process can be seen as a factor of relative
impatience where the impatient party has a lower bargaining
power.

I Transparency of the adds on-line where landlords can observe
at a reduced cost the prices and movements of their
competitors offering a similar unit in the same area can also
drive the posted rent close to the market rent.



Assessing the database quality I: INSEE

I We compare our database to the 2013 French Housing Survey
I To do so, we update the INSEE database taking into account:

I Inflation on the rental prices:
I Increase of the component of the Consumer Price Index 2.9%

I The average length of stay of the tenants:
I Trevien (2014) a tenant staying in his flat saves 0.6% for each

additional year
I The average length of stay in the private rental sector is about

7 years
I Leads of an increase of roughly 4.2%

I Overall the predicted difference between the two database
should be of: 4.2% + 2.9% = 7.1%

I Observed median difference 8.4%
I MedianINSEE ,2013 = 540; MedianScraped,2016 = 590



Assessing the database quality I: INSEE



Assessing the database quality II : local index

Table: Estimate of the value of the reference flat for departments and regions

(1) (2) (3) (4)
ln(Price/Surface) ln(Price/Surface) ln(Price/Surface) ln(Price/Surface)

ln(surface)-ln(50) -0.425∗∗∗ -0.461∗∗∗ -0.452∗∗∗ -0.449∗∗∗

(0.000920) (0.0211) (0.000800) (0.0195)
(ln(surface) - ln(50))2 0.124∗∗∗ 0.106∗∗∗ 0.0833∗∗∗ 0.0711∗∗∗

(0.000754) (0.0210) (0.000657) (0.0194)
1 room -0.0131∗∗∗ -0.00716 -0.0283∗∗∗ 0.0100

(0.000779) (0.0189) (0.000676) (0.0173)
2 rooms (ref.) 0 0 0 0

(.) (.) (.) (.)
3 rooms -0.0269∗∗∗ -0.0209 0.00397∗∗∗ 0.00261

(0.000664) (0.0169) (0.000577) (0.0156)
4 rooms -0.0596∗∗∗ -0.0438∗ -0.00410∗∗∗ -0.0198

(0.000979) (0.0229) (0.000852) (0.0212)
5 rooms -0.0671∗∗∗ -0.0175 -0.00307∗∗ 0.0177

(0.00155) (0.0376) (0.00135) (0.0347)
6+ rooms -0.113∗∗∗ 0.110∗∗∗ -0.0453∗∗∗ 0.118∗∗∗

(0.00260) (0.0399) (0.00225) (0.0366)
Street level -0.0180∗∗∗ -0.0552∗∗∗ -0.00532∗∗∗ -0.0603∗∗∗

(0.000760) (0.0157) (0.000659) (0.0144)
Floor 2 (ref.) 0 0 0 0

(.) (.) (.) (.)
Floor 3 and 4 0.0934∗∗∗ 0.0463∗∗∗ 0.0456∗∗∗ 0.0168

(0.000923) (0.0150) (0.000803) (0.0139)
Floor > 4 0.164∗∗∗ 0.109∗∗∗ 0.0483∗∗∗ 0.0392∗∗

(0.00130) (0.0212) (0.00114) (0.0197)
Floor not available -0.00622∗∗∗ 0 0.00589∗∗∗ 0

(0.000569) (.) (0.000495) (.)
Constant 2.539∗∗∗ 2.460∗∗∗ 2.533∗∗∗ 2.462∗∗∗

(0.000601) (0.0250) (0.000521) (0.0228)

R2 0.652 0.623 0.739 0.699
Obs 2116617 2947 2116625 2947
Weights Y Y Y Y
Fixed Effects REG REG DEP DEP
Length of stay No Yes No Yes
Estimator OLS OLS OLS OLS
Data Adds Survey Adds Survey

Standard errors in parentheses
∗ p < 0.10, ∗∗ p < 0.05, ∗∗∗ p < 0.01

Authors computation online adds and the French Housing survey 2013



Department fixed effects



Region fixed effects



Application I: local rental index

I Using our data we can estimate the following hedonic model:

ln(pi ,s,w ) = P ref
s,w=5 + Xi ,s,wβs +

∑
w

τs,w + ui ,s,w

I The precision of our data allows us to control for local area
fixed effects



Application I: hedonic regression



Application I: local rental index

Price per m2 of ref flat
 6.0 - 8.0 
 8.0 - 10.0 
 10.0 - 12.0 
 12.0 - 14.0 
 14.0 - 16.0 
 16.0 - 20.3 



Application II: rental price gradient



Application II: rental price



Application III: implicit subsidies on social housing

I Trevien (2014) estimates the implicit subsidy on social
housing as 42% of the rental value of the unit

I We go further and provide a local estimation of the implicit
subsidies on social housing

I On average, we find an implicit subsidies of 42.4%
I the distribution of the implicit subsidies has a fat tail



Estimated distribution of the implicit subsidy on social
housing



Average rent and implicit subsidy on social housing



Implicit subsidy on social housing in Paris



Conclusion

I Big Data allows to observe the rental market in real time

I On the rental market, the method is externally validated by
external sources

I Allows to build high resolution dataset to answer a wide array
of research question


