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Known facts and policy
context




Housing inequalities: a major policy
Issue

Pact of Amsterdam (2016): recognise housing as a key priority of the Urban Agenda of the EU.

Cities are the heart of the Urban Agenda of the EU. But EU has no direct competence in the
area of housing.

25 States in the OECD promote homeownership (subsidies and fiscal incentives).

Housing issue have gained increasing attention since the financial crisis (descreasing
construction activities accross Europe).

11.3 % of the EU population lived in households which spent 40 % or more of their disposable
iIncome on housing;

Housing prices have increased faster than the income of renters and buyers : real estate
become an important driver of socio-economic inequalities.

For homeowners : socially selective access to housing markets (spatial exclusion and increased
social tensions).

Cost of ownership impacts rent : availability of housing, competition with Airbnb offer...
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EXxisting international statistics and

S t u d I e S A. Households' housing cost burden (mortgage and rent cost) as a share of disposable income, 2014
or latest year available

Median of the mortgage burden (principal repayment and interest payments) or rent burden (private market and
subsidized rent) as a share of disposable income, in percent

Rent (private and subsidized) A Owner with morfgage
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= Source : OECD Affordablie Housing Database, 2016
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EXxisting international statistics and

S t u d I eS B. Housing cost overburden rate among low-income owners (with mortgage) and tenants (private
rent and subsidized rent), 2014 or latest year

Share of population in the bottom quintile of the income distribution spending more than 40% of disposable income on mortgage and
rent, by tenure, in percent

ORent (private) O Rent (subsidized) A Owner with mortgage
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= Source : OECD Affordablie Housing Database, 2016
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EXxisting international statistics and
studies

Owned dwellings Difficult to find good housing ?

aita M | jeontensten  SAT

Total population, wata D eoniengien 5
around 2015
Qe .
12250037
°
Canarizs (£5) =" Guageioupe (7R) 2" Share of surveyed e aem
° rveyed persons strongly Canarias [ES) T Guaseloupe (FR)
O 1500000 disagreeing to the question is it easy to find
good housing at reasonable price? 2015 (%)
O m
® 8 [ ]
M9 [ ]
s 1am .
e 2 < Medanaitne o comer T artncue ey 9
17
L 75
L ] -
Proportion of households living 2
in owned dwellings, around 2011 (%) f
o o
mpmrm. Reunon (FR) Total population, ® [ ] uapote(FR) ™™ Reuwmon FR) "2
.
around 2015 - .
L]
i Q= 4 ol
Ages(PT) ZM pacerapr) 2 U : B
= - O 1500000 ( ‘® . . o apmes P ™ ymeraeny 2
o® »
. o® O oo e . %9 ® .
. ®

° ]
° o (]
(]
— =
ESP.N Jea ©ESPON, 2019 500 km
Regional level: FUA (version 2017) S st e st el e : = :

Source: ESPON Big Data for Territorial Analysis and Housing Dynamics, 2019 Regional level: Core Cities (version 2017)
Origin of data: Eurostat, 2019 Source: ESPON Big Data for Territorial Analysis and Housing Dynamics, 2019
(CC) UMS RIATE for administrative boundaries Origin of data: Eurostat, 2019

(CC) UMS RIATE for administrative boundaries

= Source : Urban Database (FUA) = Source : Urban Audit Perception Survey, 2015
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A need for more detailed information...

More thematic details: contextuam indicators are available (censuses), but do not provide
information on the real-estate market itself > A need of information based on prices and
characteristics of the property.

More comparable indicators at international level: which indicators, which methodology,
which data sources? > international comparisons between cities

More geographical details: the FUA scale is not the only one to be considered for analysing
housing dynamics > intra-urban analysis

More temporal depth: evolution of the market/affordability, last trends

More links to be made with other big data sources > Increase of Airbnb offer in World core
cities...
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Conceptual framework
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Mixing conventional and

unconventional data
sources

= Conventional data: public conventional census
data (income data derived from censuses)

= Unconventional institutional data: real-estate
transaction databases, when available = prices
paid.

= Unconventional harvested big data sources:
real-estate websites = advertized prices.

» Harmonised indicators at several scales such as
price-to-income ratios.

» Price : ownership or rental

»Income : at local scale (LAU2) or national levels
(EU harmonised statistics).
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type of data

Conventional/

Institutional data sources

Unconventional

"Big Data" sources

3.1 institutional data 3.2 institutional & scraped 3.3 scraped data

-
eurostat
=

' 'wﬂestpartner .

fotocasa a

leboneoin

X homegate.ch
B of
Insee gl leboncsin X homegate.ch
[...] [..]
Rentals
Houses Apartments Houses Apartments
@ i Ha
“ @

Data cleaning & harmonisation 36

3.4  Aggregation & statistical synthesis 3.5

GUIDANCE DOCUMENT - PART 3

PROJECT DELIVERIES

Maps, GIS database,
Technical documentation

e B

P A database with harmonised
indicators for each case-studies

@ Aset of 100 maps available
Y R Programs for reproducibility
purposes

Policy
recommendations

regarding affordability
of housing report

® nformed pol
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Mixing conventional and
unconventional data
sources

Qmm"“ 2 K e ors) Case studies location
can Funiional Lirban Areas of Poland
_______________________ and Its EU neighbourhood
= Harmonised indicators - ——
at several scales suchas ™ [ o
price-to-income ratios e S R
= Price : ownership or mommoomRomM oweomeomeome o omoms
rental k’:}_f

3. Area that an average salary can buy
(Squars MeTers)

= Income: at local scale o
(comparison between e Socondory ket pres
cities of the same country)
or national levels (EU
harmonised statistics for
international
comparisons).

L_-i‘-?f;. .

Territorial lewel : LALIZ (version 3041)
‘Source | UMS RIATE, UNTWERSYTET LODZK], 2018

IH 2012 2003 2004 5 Ongin of data | Average Income: Ministry of Finance (MInSterstyo Finas)
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Reeall estate prices: Mational Bank of Poland (Warodowy Bank Fabskl)
{2 University of Ganeva for administratve boundanes
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The overall process...

ldentifying relevant
data sources
(country by country)

Data collection

and cleaning

R &

Data harvesting,
database access
(sometimes costful)

(tg:) Managing extraordinary
P values...
EXPERT

CHECK

Conventional,
unconventional data
sources (which
available information,
which condition
access? Which scale?)
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Data aggregation and
ggreg Data sources

combination

harmonised
indicators provision

R R

Harmonised and
comparable indicators
in a multiscalar
perspective(LAU2,
FUA, grid)

Comparison with other
relevant Big Data
Sources (Airbnb...)
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Study areas and data sources
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Study areas and data sources

= Each EU country
has its own
reference sources
both for
conventional and
unconventional
data: which
possible
indicators? Price
free?

Demande de Valeur

DATA PROVIDER CHARACTERISTICS

BIEN DATABASE " Le Bon Coin Meilleurs Agents InsideAirbnb INSEE Eurostat
FomLere (DVF)
Type Transactions Transactions Data harvesting / web scrapping Data harvesting / web scrapping Data harvesting Census Survey
Cost :g?ﬁ;;ums for the lle-de-France Free Data harvesting Data harvesting Data harvesting Free Free
Prodiver Paris Motaires Service, Chamber of  Direction Générale des Finances Le Bon Cain Meilleurs Agents Airbnb INSEE Eurostat
the notaries Publiques
Description Full database of ransaction records A dalabase of ransaclion records Real estate classified posts Real estate classified posts Online collection of Airond Census Income distribution by quantile.

Condition of use

URL

Proprietary data. Limited to the Coord.
partner. UMS RIATE and Geographie-
cités, via LabEx DynamiTe 2014-2017
(Sample of fransactions on the period
1996-2012).

hitps:/basebien.com/

forthe 5 |atest years.

Public domain

https:ffwww data gouv frienidataset
sldemandes-de-valeurs-
foncieres/#_

Public website

hitps:fwww leboncoin fr

Public website

hitps:fwww_meilleursagents com/

scrapped datasets

Public domain

hitp:finsideairbnb.com/get-the-
data.html

Income definition harmonized.

Public database Public database

https:hwww.insee frifrinformation!1  hitp:/appsso.eurostat.ec.europa.eu
203416 (LAUZY Inuiishow.do?dataset=ilc_di01
hittps:hwww.in fi | https:/fec.europa.euleurostaticachel
520034 (200m Grid) metadatalenfilc_esms.htm

]

Other variables of interest for the
contract / Additional information

The PERVAL database, also
disseminated by the Chamber of
MNotaries, provide the same of
information for the rest of France. Itis
also proprietary data.

Median income of households at LAUZ2 level, sum of income for grids
(France).

To take into account the impact of differences in household size and
composition, the total disposable household income is “equivalised™
The equivalised income attributed to each member ofthe household is
calculated by dividing the total disposable income of the household by
the equivalisation factor. Equivalisation factors can be determined in
various ways. INSEE (since 2012) and Eurostat applies an
equivalisation factor calculated according to the OECD-modified scale
first proposed in 1994 - which gives a weight of 1.0 to the first person
aged 14 or more, a weight of 0.5 to other persons aged 14 or more and a
weight of 0.3 to persons aged 0-13.

3 5‘ S Geographical Object Points (XY locations) Points (XY locations) Zip codes. Some addresses Zip codes. Some addresses Points (XY locations) LAUZ2 units and INSPIRE GRID Countries
28 -
E € £ Time coverage 1996-2019 20142019 present present 201510 2018 3;1‘1;':290:‘:: ﬁi&gf&z‘f ond. 19952018
= -
i = Geographical coverage Paris - lle de France AI” France (excepted Alsace All France All France Lnnaenr cllies of Paris, Bordeaux and All France EU28 + EFTA countries
Price paid X X
Price asked X *
Rent paid
Rent asked X % %
Z Surface of apt X X X X X
E Surface of built structure X x some some
é Approx building date x some some
a Surface of gardens and land X X some some
w
©  Property characte-ristics X some some some
=
% Dwelling info partial partial
£ Income x X
E Credit / mortgage partial
% Time on market
=4
T  Literal description of the property no no yes yes yes
o
w
=
w
[c]
2
=

ESPON // ESPON Big Data for Territorial Analysis and Housing Dynamics

12/3/2019



15

Study areas and data sources

Each EU country
has its own
reference sources
both for
conventional and
unconventional
data: which
possible
indicators? Price
free?

BarcelonaTran

Idealista

Cadaster

Fotocasa

InsideAirbnb

Airbnb

AEAT Eurostat

DATA PROVIDER
CHARACTERISTICS

Type
Cost
Prodiver

Description

Condition of use

Tax on transactions
Free (agreement)
Barcelona City Hall

Full database of
transaction records

Propietary data, obtained
under a research
agreement in a previous

Data harvesting
Data harvesting
Idealista

Online collection of
Idealista scrapped
datasets

Public Website

Data harvesting
Data harvesting
Cadaster

Census

Public APl with certain
protection

Data harvesting
Data harvesting
Fotocasa

Online collection of
Fotocasa scrapped
datasets

Online collection of
Fotocasa scrapped
datasets

Data harvesting
Data harvesting
Aironb

Online collection of Airbnb
scrapped datasets

Public domain

Data harvesting
Data harvesting
Airbnb

Online collection of Airbnb
scrapped datasets

Public Website

Official Tax Declarations Survey
Free Free
AEAT (Mational Tax Agency) Eurostat

Average income data at

municipality level Income distribution by quantile

Public database Public database

Other variables of interest for the
contract / Additional information

the info includes land
use parameters, it goes
beyond housing

https-/fwww.agenciatributar

ia.es/AEAT/Contenidos_C

omunes/La_Agencia_Tribut

aria/Estadisticas/Publicaci  https-//fec europa eu/eurostaticac
ones/sites/irpfmunicipios/?2 he/metadatalenfilc_esms.htm

project.
http:/fwww idealista.co  http:fwww.catastro.meh. https:hwww.fotocasa.es/ e » B https-/fwww.agenciatributar http://appsso.eurostat.ec.europa.
plf .the-data| pif .airbnb. - - -
URL m eslesplsede.asp as/ Sl e s ia_es/AEAT! eu/nui/show. do?dataset=ilc_di01
-
S‘ depends on the
. information with property . . T .
o= . . . . .
£ & Geographical Object quarters areas and, sometimes, values only averages per area; and very likely (xy, Paints (X.¥ locations) area; and very likely (xy, MUnIC.IpalltleS with at least Countries
=5 address locations) locations) 1000 inhabitants
o2 quarter, others up to the
'5 g single houshold
E S Time coverage 2010-2014 2017-2018 Present 2019-.. 2015-2018 2016-2017 2018 1985-2018
o . Bacelena municipality, . . Madrid, Balears, Mallorca, Barcelona, Madrid, . .
w Geographical coverage not all FUA All Spain All Spain Barcelona Malaga, Sevilla, Valancia Mallerca, all Palma FUA All Spain EUZ28 + EFTA countries
Price paid X
" Price asked x X
% Rent paid
= Rent asked X X X X
5 Surface of apt X X X X X X
% Surface of built structure X some X some some
a Approx building date X
o Surface of gardens and land some X some some
=  Property characte-ristics x some x some some Some
g Dwelling info
% Income X X
T Credit / mortgage
ﬁ Time on market indirectly inderectly
[in
% Literal description of the property no yes no yes yes yes
=
>
[
=]
u
=
w
(L]
g
=

016/jrubik1ef468a251d390b
847ceB8908aaafc743026fb

Sd.html#
—
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Study areas and data sources

= 10 case-studies: Paris, Avignon, Geneva (cross-border area), Warsaw, Lodz, Cracow, Madrid,
Barcelona, Palma de Mallorca.

Requires expertise (project partners) For which reasons ?

Thematic complementarity

Technical skills: regarding housing dynamics

Database processing and
analysis/ data harvesting

Thematic knowledge:
Real estate issues,
local market

al = In the urban hierarchy: From Avignon (320 000
specificities

hab), to Palma de Mallorca (620), Lodz (920),
Paris (12 millions) or Madrid (6.6 millions).

= In the former political system: former socialist /
vs capitalist economies.

= In economic and social specializations:
touristic economies (Paris, Barcelona, Cracow,
Palma), real estate tensions (Paris, Barcelona,
Geneva), shrinking industrial activities (Lodz).

Faisability:
Data availability,
Data collection cost...

16 ESPON // ESPON Big Data for Territorial Analysis and Housing Dynamics 12/3/2019



Data harvesting

= Fotocasa (ES)
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Sprzedaz Wynajem Oferty deweloperow

Inwestowanie Ur.

kie > Warszawa

Domiporta.pl » Domy na sprzedaz » mazo

Dom na sprzedaz

Warszawa, Wilanow
Zawady, Bruzdowa - 280

m2

= Leboncoin (FR)

Zobacz na mapie

Cena

1670 000 zt

5 964,29 zt/m?

-

Ad's URL
| https.//www.leboncoin.fr/ventes_immobilieres/1560521232 htm/ |

i&éces 52 m#2| Ad's header

Appartement 2

236 250 € | Property price
07/02/2013F 1104 Date of publication

Surface of the property

Number of rooms
E

Critéres
Type of property

HONORAIRES PEDE BIEN PIECES

REFERENCE CLASSE ENERGIE

1696 l{“ ||E olEEE

Greenhouse gas emission _Energy class category
category
Description

Appariement Forrenay Le Fleury 2 pidgcs(s) 52 m2
LIMITRO PHE SAINT-CYR L'ECOLE - VILLA FELICIA Dars une résidence récente, 3 proximité des commcdités, grand 2

pifces exposés SUDFOUEST, il comprend - une entrée svec placard, un s&jour svec cuisine ouverts totslement
Squipée, une chambre awec placard, une salle de bain avec WIC intégré. Grande terracse ! Place de parking en souc-

sol. COUP DE COEUR ASSURE ! Contactez LAFORET IMMOBILIER aw 01 34 60 64 01 dont 5.00 % honcraires TTCala
charge de 'acquéreur. Copropriese de 200 lots (). Charges annuelles - 1300 euros.
Reférence annonce : 1696

Le prix indiqué comprend les honaraires 3 la charge de 'acheteur : 5,00% TTC du prix du bien hors honoraires

Prix lhors honoraires : 225 000 €
A Signaler um sbuz

werssilles

Locallsation
Location of the property

SAINT-CYRL'ECOLE 78210

ur facebook

ﬁ mprimer H Partager par mail

To manage : national language/currency, location

identification, mistakes/exceptional values, relevant fields...
12/3/2019




- Local : Scrapping Scrapping
Harmonised | . [renseeions | SVRNE | SRS

Indicator creation LAU2 Grid LAU2 Grid LAU2 Grid LAU2 Grid

Krakow —

Lz @ Q0 O 00
NUMERATOR / DENOMINATOR arsaw

Number of real estate transactions / offers Barcelona-
. Madrid-

(rental / sale) Palerln ;' ” 0 Q Q 0 0
= Price paid / advertized, surface of properties, Mallorca

number of rooms (Q25, Q50, Q75, sum, IQR)

v X
9 O
9 O @ O

9 O @ O
m ST RIATE

@ O
=N

o Geneva 0
= Muncipal income (average or median depending on Swizz part
the countries)

= National income (D1, D5, D9) Geneva 0
French part

RATIOS

= Average Advertized/paid price per square Avignon 0
meter (average locally, Q25-50-75 for FUA)

v
o
v
o
v

O 0 8@ © ®

= Time required to buy/rent 1 sq.meter Paris 0
locally (average) and nationally (D1,5,9)
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From harmonised indicator creation...

Price paid for property, 2010-2015 Price paid for property (apartments only), 2011-2012

Price paid for property per square meters
(CH: 2010-2015 period, 7760 fransacfions)
(FR: 2014, 5583 fransactions)

17800

Price paid for property per square meters in 2011-2012
(85278 transactions — sample)
65640

1370 as60
7950 B e 5 o 1960
4830 :m .
3630 2210
2430 2560
2080 1850
[ [Mogata [ |modaa
—— Case-study FUA
—— Case-study core ity
NUTS3
Other FUAsS

—— Case-study FUA
w— Case-study core city
NUTS3
Other FUAs

ES P!N — ©ESPON, 2019

© ESPON, 2019 -

Regional level' LAU2 (version 2011)

Source: ESPON Big Data for Termitorial Analysis and Housing Dynamics, 2019 ,
P N Regional level: LAU2 (version 2011)

Origin of data: \g\.lgsi sépamer (,CHr][; F;EWALVDVE‘IBIJESE (FR), 2919 Source: ESPON Big Data for Territorial Analysis and Housing Dynamics, 2019

uro rine Origin of data: BIEN Database (Sample), 2019

© EuroGeographics for the administrative boundaries

L
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Average advertized price, 2019 Average advertized price, 2019

Average advertized price for property per square meters

10000
Licigt Warszawa 30736
@ Krakow
2220.8
17512 ‘@ Barcelona
1447 1
963.6
28
[ |Nodaa
—— Case-study FUA
— Case-study core city
NUTS3
Other FUAs
Average advertized price for property per square meters
4637.9
2150.1
1258.8
988.6
7766
444.7
108.7
[ |nodata
—— Case-siudy FUA
— Case-study core city ESPIN -
NUTS3
Other FUAS . © ESPON, 2019 20km
Regional level: 1km Grid (version 2017)
Source: ESPON Big Data for Termitorial Analysis and Housing Dynamics, 2019
Origin of data: Fotocasa, 2019
© EuroGeographics for the administrative boundaries
espn Il oesron, 2019 e

Regional level: 1km Grid (version 2017)
Source: ESPON Big Data for Territorial Analysis and Housing Dynamics, 2019

Origin of data: Domiporta, 2019 .. .
@ EuroGeographics for the administrative boundaries % : E I AT e
°



Average advertized price = Smoothed, 2019 Average advertized price — Smoothed, 2019

Average advertized price for property per square meters
(span = 2000, beta = 2, function = Pareto)

3520
o 2990
® Krakow
2400
2210 @ Barcelona
2070
1940
1870
[ Jnoca
—— Case-study FUA
= Case-study core city
NUTS3
Other FUAs
Average advertized price for property per square meters
(span = 2000, beta = 2, function = Parato)
2060
1620
1550
1500
1410
1210
1020
[ |nNodata
—— Case-study FUA
—— Case-study core city
- B
Other FUAS ESPIN | © EsPON, 2019 20km

Regional level- 1km Grid (version 2017)

Source: ESPON Big Data for Territorial Analysis and Housing Dynamics, 2019
QOrigin of data: Fotocasa, 2019

© EuroGeographics for the administrative boundaries

Regional level: 1km Grid (version 2017)
Source: ESPON Big Data for Territorial Analysis and Housing Dynamics, 2019
Origin of data: Domiporta, 2019

© EuroGeographics for the administrative boundaries %e a®
. . <Y RIATE
.

B Wi = ... To spatial harmonization !



Spa’[lal harmonisation: function, span and beta

Price paid for property (apartments only) - 5km smoothed, 2011-2012

Price paid for property (apartments only), 2011-2012 Price paid for property (apartments only) - 2km Smoothed, 2011-2012

Average advertized price for property per square meters.
{span = 5000, beta = 2, funciion = Barelo)

Price paid for property Average advertized price for property per square meters

per square meters (2011-2012) (span =2000, beta = 2, funciio
Inf
106219
51759
38103
31674
23835
13307

[ I Nodata

20 km

e esPRN BB o coron, e
Regional level: 1km Grid (version 2017)

Regional level: km Grid (version 2017)
‘Source: ESPON Big Data for Territorial Analysis and Housing Dynamics, 2019
Origin of data: BIEN Database, 2019
i i i Source: ESPON Big Data for Territorial Analysis and Housing Dynamics, 2019
Origin of data: BIEN Database, 2019

‘Source: ESPON Big Data for Territorial Analysis and Housing Dynamics, 2019
Origin of data: BIEN Database, 2019
i i ® ics for the inis
@ ics for the

® ics for the:

Regional level: 1km Grid (version 2017)

12/3/2019
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Combination with other data sources

Airbnb offer Real-estate offer Relationship between
Airbnb and real—estate offers
1000 .
POT AIRBNB =1.94 * POT_REAL ESTATE 50 -
R-squared = 0.8 B
©
-_—
o -t

N

I 750
w
_
=
Q
c
o

= 500.
<
©
g

Q 250
=
=
w
- =
o 2 km I [ _ 2 km a

3 7 .|' y i ﬂ_

Number of offers in a neighbourhood of 500 m (deciles)
Steward potential, Manhattan distance, exponential function, beta = 2
I . O N . i 1 : _
1 2 4 5 9 15 23 32 48 63 83 113 155 222 341 478 961 1 7 93 18 24 33 44 57 63 78 90 103 124 150 195 241 424 Density (hectare) of real-estate offers — 2019
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legend.var.pos = "n”,
Proposal for a Guidance legend.var2.pos = "topright”,
Document # border = "grey98”, Llwd = 8.2,
legend.var2.title.txt = "Potential price \n",

] - ] P

R e r O d t I b I I I t e s 6
u C add=T)

plot(Fleuves, add=T, lwd = 1, border = "blue", col = "blue")

plot(departements_carto, add=T, lwd = 8.5, border = "black")

1. Using institutional data to analyze the
dynamics on property markets : data,
methods, sample results

# Set a text to explicit the function parameters
text(x = 570687, y = 6330000,

labels = "2818",

cex = 1.5, adj = @, font = 2)
layoutLayer(title = "Potential price (EUR) of homes

3. Unconventional (“Big data") vs SR 3 TR et
instutional data sources .

sources = “"Source : Leboncoin.fr real

Dy

e .
An assessement of the feasability author = "R. Le Goix, 2018, UMS RIATE & UMR Géographie-cités, Labex
of harvesting real-estate websites

ynamite”

Harvesting / scrapping real estate
data from websites

More Informa‘tlon ? Cf Mapping price variables from the "y
Guidance document

Potential price
dataset harvested 1355000
593505
456730
381000
331152
| 290000

R Markdown document 3
on Western Paris

156595
! 45000
no data

2018 K

4
=
Source : Leboncoin. fr real estate data. Poweraw, b=-0.27, span= 10 min S 10 km
R, Le Golx, 2018, UMS RIATE & UMR Géographie-cités, Labex Dynamite —_—
par{opar)
2 Renaud Le Goix, UMS RIATE, CNRS,
Université Paris Diderot carroyagefHarvested_price2@l8 <- currentStewartPrixiHarvested price
— carroyagefHarvested_weight2818 <- currentStewartWeight30UTPUT
B 5November 2018 L = 4
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Reproductibility

For 10 case-studies, all
the indicators created are

available at LAU2 or 1km

grid level.

Indicators_AVIGHOMN
Indicators_BARCELOMA
Indicators_GEMEWA
Indicators_MADRID
Indicators_PALMA
Indicators_PARIS
Indicators_POLAMND

Indicator description

Code

Name

Abstract

Years available

Methodology Description / formula

Metadata date
Use constraint

Point of Contact

Project

PRICE_PAID_IQR
Price paid for properties (transactions),
IQR

Price paid for properties, interquartile
range, in Euros

2010-2015

Switzerland : All data were transmitted
by Wuest & Partner, a real estate
consulting firm in Switzerland who has
the most complete data base for the
country, and aggregated at the
Commune scale. For statistical
relevance, transactions were selected
over the period 2010-2015, and prices
were indexed (1 euro = 1,15 CHF)
France : transactions in 2015
2019-28-05

public

Project coordinator : Renaud Le Goix
(renaud.legoix@univ-paris-diderot.ir)
ESPON Big Data for Territorial Analysis
and Housing Dynamics, 2019

ESPON Big Data for Territorial Analysis

PRICE_PAID_SUM
Price paid for properties (transactions),
sum

Price paid for properties, sum, in Euros

2010-2015

Switzerland : All data were transmitted
by Wuest & Partner, a real estate
consulting firm in Switzerland who has
the most complete data base for the
country, and aggregated at the
Commune scale. For statistical
relevance, transactions were selected
over the period 2010-2015, and prices
were indexed (1 euro = 1,15 CHF)
France - transactions in 2015
2019-28-05

public

Project coordinator : Renaud Le Goix
(renaud.legoix@univ-paris-diderot.fr)
ESPON Big Data for Territorial Analysis
and Housing Dynamics, 2019

ESPON Big Data for Territorial Analysis

SURFACE_Q25
Surface of properties (transactions),
Q25

Surface of properties (transactions),
first quartile, in square meters

2010-2015

Switzerland : All data were transmitted
by Wuest & Partner, a real estate
consulting firm in Switzerland who has
the most complete data base for the
country, and aggregated at the
Commune scale. For statistical
relevance, fransactions were selected
over the period 2010-2015, and prices
were indexed (1 euro = 1,15 CHF)
France - transactions in 2015
2019-28-05

public

Project coordinator : Renaud Le Goix
(renaud.legoix@univ-paris-diderot.fr)
ESPON Big Data for Territorial Analysis
and Housing Dynamics, 2019

ESPON Big Data for Territorial Analysis

How to source this indicator and Housing Dynamics. and Haute- and Housing Dynamics. and Haute- and Housing Dynamics, and Haute-

Ecole Arc, UMS RIATE, 2019 Ecole Arc, UMS RIATE, 2019 Ecole Arc, UMS RIATE, 2019

Source description

Provider Name Wuest & Partner, 2019 Wuest & Pariner, 2019 Wouest & Partner, 2019

Reference
Copyright

CODE _ NAME  OBJECT VERSION FUA
CHO11_57 Amex-sur- LAU2 2011 CHO02T2

)\ TRANS_NIPRICE_P#PRICE_PZPRICE_PAPRICE_PZPRICE_PF
9 1056011 1116028 1748713 6307012 10931786

Publication Title

URFACE SURFACE SURFACE SURFACE SURFACE ROOMS_CROOMS_CROOMS_CROOMS_I
192443 1361818 1813068 62,0625 1211455 4 5,375 3125

CHO11_57 Amex-sur- LAU2 2011 CHO02T2
LAz 201 39649
L2 2011 39649 138 7706122 1036366 1326005 5553932 153E+08 1148485 1421061 1761591 61,31061 20067 4 4666667 5458333 1458333
LA 20 39649
LAz 2011 39643 4 6797209 8913142 1064132 384410,7 58241652 100,6563 120,90¢ 595781 58.92188 8673,364 3515625 403125 503125 1515625 . B . .
s e o 6103 B515 TIMI2 STION 421420 1 TENGS 1ISA00T TISSTSZ TORA9 SSO2  TI2 42206 452 5168 0ges URL https:/fwww wuestpartner. com/?langualhttps://www wuestpartner. com/?langual https://www wuestpartner. com/?langua
Bogis-Bos LAU2 2011 39649 39 1123233 1230263 1435304 312066.2 51666804 1395874 1578788 1945186 5493124 6596818 4519231 524359 6307692 1788462 ge:en ge_en ge:en
Bogs-Bos LAU2 2011 39649
201 CHO11 39649
201 CHO11 39649 55 959688,1 1166909 1463349 5036613 66662156 1415702 1654793 1884628 46,89256 9121818 4672727 5254545 5672727 1
2011 CHO11 39649 i A i A i =
2011 CHO11 39649 81 9071303 106203 1217346 310216 86 105,3636 120.3333 1506768 4531313 11065.45 3888889 4666667 4,888889 1 MNotaires de France - base de données |Notaires de France - base de données |Notaires de France - base de données
201 CHO11 39649 H A A A i A A Ay i ]
2011 CHO11 39649 90 9593156 1152991 1285128 3258124 1.02E+08 117,703 1368515 1566833 389803 1269509 4 4566667 5283333 1283333 PrDVIder Name PERVAL‘ Un‘verSIle d AVIgnon‘ UMS PERV’AL‘ Un|VerS|te d ’A\”gnon‘ UMS PERVAL‘ Uaner’SIle d A\”gnon‘ UMS
201 CHO11 39649 31 7862254 9023817 1188682 4024565 32328815 98,5176 1234839 1474384 4892082 3975091 3830645 4532258 5032258 1201613
an cen e RIATE, 2019 RIATE, 2019 RIATE, 2019
2011 CHO11 39649 22 7995368 9611402 1174364 374827 21033539 96,19835 1218678 1436529 4745455 2596091 3579545 3863636 4511364 0931818
a1t Gront Jo643 Reference
201 39649 .
Commugn' LAU2 2011 39649 1768956 2284138 8235899 257E+08 1511275 1862707 2099464 5881886 25436 4925373 5869403 6850746 1925373 Cnpyrlght

Coppst  LAU2 2011

Coppet  LAU2 :NH .396-15 )6 1581835 1861829 5487232 235E+08 1292328 1631066 1817233 5249052 2237091 4366906 5366906 5866906 15
'ZGH 39649 1615099 2122738 7812863 1.07E+08 1505943 185 2167778 66,1835 11179.55 4907407 5407407 6314815 1407407
%011 39649
?8!1 s Data bought to Perval and aggregated |Data bought to Perval and aggregated |Data bought to Perval and aggregated
2011 39649 72 9324329 1092202 3521535 81245 1252727 1396364 1695682 44,29 K 55 1 - . - - e . " P i - i
2011 649 37 9567295 1081610 1 176364 44 266637 151096 1175677 4938 432 556404 0916919 Publication Title by Université d'Avignon and UMS RIATE |by Universiteé d'Avignon and UMS RIATE |by Université d'Avignon and UMS RIATE
2011 CH( 2 CHO11 39649

2011 CHO0ZT2 CHO1t
2011 CHOO2T2 CHO11
2011 CHOO2T2 CHOT
201 CHOO2T2 CHO11
2011 CHOD2T2 CHO11
2011 CHOOZT2 CHO11 79
%011 CHOO2T2 CHOY1 BG40 20541 39566 72678 11790 21415 39649 URL

39649 66 7943682 9545903 1 4293024 67603745 at grid and LAUZ level at grid and LAUZ level at grid and LAUZ level

1106791 1300193 152562 41.88292 8863636 3893939 4492424 4992424 1,098485
39649 187 1152722 1426925 1844552 6918297 336E+08 1345702 1562975 1870496 5247934 3306164 4272727 5272727 6090909 1818182
39649 72 1043485 1185265 1447548 4040624 95861808 1355707 1606301 1906963 55,12563 1283055 4538194 5236111 6,170139 1,631944

LAvZ

https:/fwww perval fr/ https-/fwww perval fr/ https-/iwww _perval fr
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Main results — Harmonised
analysis for 10 case-study
cities




armonised indicators at FUA scale

)
- - - (5]
Time of work (full income) required to buy 1 sq.meter (2019) 2 @
Z w
Sources: Fotocasa (ES), Leboncoin (FR), Domiporta {PL), Homegate (CH), National statistics (municipal income), “5
EU-SILC Survey (national income) -~ o
Methad: The indicator corresponds to the average price per sq.meter divided by monthly income. —_ o i=]
Realization : ESPON Big Data for Temitorial Analysis and Housi ics, 2019 1] = o - ﬂ ] ¥
isation : ig r Terri nalysis an using Dynamics, 9 5 o - = & w 2 &
= = - |z |& |u S o R
0 ol el = o = S = [ =
8= = 2 3 @ vt g he I © e 2
< 2 248 N £ 5 3 E v &
= ] T 51 [} ] = =] =
n 0] o L= 3 < = @ a a I
Year of 2079 2019 2079 2079 2079 2079 2019 2019 2079 2019
reference
Number  of 1096 10801 | 39293 | 1595 9382 79227 | 147094 | 22040 | 44836 | 5297
offers 12
- Surface QZ5 1321 | 71 734 736 563 5455 | 9357 1034 | 474 765
6=
E 50 L] a2 T042 | 103.2 | 877 14333 | 12261 459 | 62 985
8 ars 2761 1235 | 1657 | 1600 | 1305 | 22625 | 199.13 | 2304 | 775 T4
E AV, 3743 | 1051 1409 | 1375 | 1166 | 23457 | 19013 | 4017 | 748 T19.9
E Hooms aZ5 A 32 25 255 25 A 278 WA | 23 357
=]
s Q50 WA 39 35 353 34 A 333 A 3 [ET)
o
£ .- ars NA EX] 15 454 EX] NA EXTH NA 35 561
§ AV. 76 EN] A A A 337 352 336 3 165
% Price Qz5 1184 | 2829 | 1161 523 B87 2083 | 2337 3421 | 2091 1678
E (the 1 Q50 1663 | 3736 | 1685 | 8727 | 1175 | 2344 | 3344 3605 | 2749 | 2330
- euros)
5 ars 3076 | 5004 | 2808 | 1434 | 1780 | 5907 | 5078 | 5873 | 3713 | 3M8
= AV 4460 | q002 | 2348 | 11665 | 1564 | 5167 | 4416 | 5548 | 307§ | 2638
2=
Price per sq. | Q25 NA 35845 | NA A A 18976 | 21936 | 19405 | 4138 1925
meters Q50 NA 41336 | NA NA A 25505 | 27228 | 25523 | 4764 2404
Q75 A 363209 | NA A 5 32997 | 33850 | 33643 | 5414 2820
AV T1915 | 40028 | 16653 | 8632 | 1357.8 | 22029 | 2324 13811 | 4118 2366
Price to| LOC™? | 678 157 770 1569 | 19.1 1505 | 1401 156 125 147
a- i Q0™ | 2174 357 kLAl 390 521 9347 | 7967 | 10004 | 252 FIN]
Q50 127 196 385 19.96 766 36.38 3111 391 139 133
Geneva_CH Geneva_FR Viarsaw Ladz Krakow Madrid Barcalona Faima Faris Avignan Q90 514 106 207 1048 13 1767 1511 19.0 756 73
Case-studies Time required | LOC 232 18 ] 127 20 077 [ 0.59 21 148
to buy 1sq. D 70 EN] 13 341 54 a7 503 799 z pES]
Indicator time_loc time_natd10 time_natd50 . time_natd90 meter e
(month)
| Qa0 Z0 12 18 092 (K] 0.90 0.95 0.57 12 072
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Price paid (grid + spatial smoothing)
Institutional non conventional data

Average price for real-estate property - Smoothed, 2014 Price paid for property (apartments only) - Smoothed, 2011-2012

Average advertized price for property per square meters
refo)

(span = 2000, beta = -0.5, funciion = Pai Average price paid for property per square mefers
Rareto)

(span = 2000, beta = -0.5, functip

8470
a5 65640
7510 - : i
3830 Sty e s o Pars Price paid for property = Smoothed, evolution 2010-2014
3290 A
=0 3220
250 2510
1880 2020 Average price paid for property per square meters
[ |Nodata [ | Nodata Evolution 2010-2014 (2010 = 100)
{span = 2000, beta = —0 5, function = Pareto)
13
10
100
ES) .Nﬁgllll
EY
s
&7
s
—— Case-siudy FUA
—— Case-study core city
NUTS3
Other FUAs
— Case-study FUA
’ —— Case-study FUA
— Case-study core city ="
—_— study core city
NUTS3 NUTS3.
Other FUAs Other FUAs
esefiin EE
| 5 © ESPON, 2019 20 km
Regional level: 1km Grid (version 2017) ES P. N n © ESPON, 2019
: s 20 km.
Source: ESPON Big Data for Territorial Analysis and Housing Dynamics, 2019 A T S T ES PlN n ©®ESPON. 2019
. Origin ““f:;'ae PERVAL Database, 2019 Regional level: 1km Grid (version 2017) s s ! =
‘Source: ESPON Big Data for Territorial Analysis and Housing Dynamics, 2019 Regional level: 1km Grid (version 2017)
Origin of data” BIEN Database, 2019 Source: ESPON Big Data for Territorial Analysis and Housing Dynamics, 2019

Origin of data: PERVAL Dalabase, 2019

L=l ics for the
®EuroGeographics for the adminisirative boundaries

= NB / No X-Y location for Switzerland
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Advertized prices (1km grid smoothed)
Harvested data o

Loty Warszawa
@ Krakow

Average advertized price — Smoothed, 2019

Average advertized price for property per square meters
{span = 2000, beta = —0.5, function = Pareto)
5180

3540

Average advertized price for property per square meters
(span = 2000, beta = -0.5, function = Pareto)

2880

1840

110

320

[ Modata

—— Case-sfudy FUA
— Case-study core city
NUTS3
Other FUAs

Regional level: 1km Grid (version 2017)

Source: ESPON Big Data for Termitorial Analysis and Housing Dynamics, 2019
Origin of data: Fotocasa, 2019
© EuroG ics for the ini tive boundaries

20 km

espn Bl oEspPoN, 2019

Regional level: LAU2 (version 2011)

Source: ESPON Big Data for Territorial Analysis and Housing Dynamics, 2019
Origin of data: Domiporta, 2019
@®EL lics for the inistrative boundaries
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Comparative analysis

t LAUZ2 level

= Warsaw — Lodz - Krakow (PL)

Affordability — national income, 2019

Locg Warszawa
® Krakow
Months of median national income required to buy 1sq. meter
Average advertized price for property per square meters / median national income 2016
(50270 offers scrapped from Nov. 2018 and March 2019)
04

| oo

—— Case-study FUA

— Case-study core city

eseln BBl oesron, 2019 .

30

Regional level: LAU2 (version 2011)
Source: ESPON Big Data for Territorial Analysis and Housing Dynamics, 2019
Origin of data: EU-SILC Survey (Eurostat) and Domiporta, 2019

® lics for the istrath i

ESPON // ESPON Big Data for Territorial Analysis and Housing Dynamics

= Madrid (ES)

Affordability = national income, 2019

Months of median national income required to buy 1sq. meter
Average advertized price for property per square meters / median national income 2016
(79227 offers scrapped from Feb. 2019 and Apr. 2019)

— Case-study FUA

— Case-study core city
NUTS3
Other FUAS

ES PI [EF] ©ESPON, 2019

 Madrid

20 km

Regional level: LAU2 (version 2011)

Source: ESPON Big Data for Territorial Analysis and Housing Dynamics, 2019
Origin of data: EU-SILC Survey (Eurostat) and Fotocasa, 2019

© EuroGeographics for the administrative boundaries

= Barcelona (ES)

Affordability - national income, 2019

Months of median national income required {0 buy 1sq. meter
Average advertized price for property per square meters / median national income 2016
(147094 offers scrapped from Feb. 2019 and Apr. 2019)

—— Case-study FUA
= Case-study core city
NUTS3
Other FUAS

© ESPON, 2019 .

Regional level: LAU2 (version 2011)

‘Source: ESPON Big Data for Territorial Analysis and Housing Dynamics, 2019
Origin of data: EU-SILG Survey (Eurostat) and Fotocasa, 2019

® EuroGeographics for the administrative boundaries.

Affordability — national income, 2019 = Pal ma (ES)

Months of median national income required to buy 1sq. meter
Average advertized price for property per square meters f median national income 2016
(22040 offers scrapped from Feb. 2019 and Apr. 2019)

‘@ Paima de Mallorca

—— Case-study FUA
— Gase-study core city

4.

©ESPON, 2019 20km

Regional level: LAUZ (version 2011)

Source: ESPON Big Data for Terrtorial Analysis and Housing Dynamics, 2019
‘Origin of data: EU-SILC Survey (Eurostat) and Fotocasa, 2019

© EuroGeographics for the administrative boundaries

espEn R




C O m p ar at I V e an al y S I S Affordability - national income,.201QBarcelona (ES)

= Warsaw — Lodz - Krakow (PL) -

Affordability — national income, 2019 | .
= Madrid (ES) o

Affordability = national income, 2019

Lodg® Werszawa
® Krakaw

Months of median national income required to buy 1sq. meter
Average advertized price for property per square meters / median national income 2016
(79227 offers scrapped from Feb. 2019 and Apr. 2019)
E # Madrid

More than 2.6 months

09
02
o
No data -
ESPIN sieaw © ESPON, 2019 -
Regional level: LAU2 (version 2011)
‘Source: ESPON Big Data for Territorial Analysis and Housing Dynamics, 2019
Origin of data: EU-SILC Survey (Eurostat) and Fotocasa, 2019
® EuroGeographics for the administrative boundaries
i ional i = Palma (ES
More th an 2 8 Affordability — national income, 2019
.
Months of median national income required to buy
Average advertized price for property per square m " N
Months of medi ational d to 1sq. meter
e G IO nth S Of fu | | nation al s e a2 e
45 (22040 offers scrapped from Feb. 2019 and Apr. 2019)
28 48
: . b
income (Q50 :
15 0.5 ‘@ Paima de Mallorca
1
04
[ s O DUy 1s(g. meter
.
—— Case-study FUA
—— Case-study core city —— Case-study FUA
NUTS3 —— Case-study core city
Other FUAs NUTS3
Other FUAs
More than 2.4 months
ES PI B oesron
Regional level: LAU2 (version 2011)
Source: ESPON Big Data for Territorial Analysis and Housing Dynamics, 2019
Origin of data: EU-SILC Survey (Eurostat) and Fotocasa, 2019
ES P.N _ ©ESPON, 2019 . @ EuroGeographics for the adminisirative boundaries

Regional level: LAU2 (version 2011)
Source: ESPON Big Data for Territorial Analysis and Housing Dynamics, 2019
Origin of data: EU-SILC Survey (Eurostat) and Domiporta, 2019

® lics for the istrath i

More than 3.5 months

ESPREN ©ESPON, 2019 20 km
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Source: ESPON Big Data for Territorial Analysis and Housing Dynamics, 2013

Origin of data: EU-SILC Survey (Eurostat) and Fotocasa, 2019

© EuroGeographics for the administrative boundaries




Comparative analysis at LAUZ level

= Paris (FR)
Affordability (apartments only) - national i so10 = Geneva — Annemasse -
ordapility (apartments only) = national income,
Annecy (CH-FR)

= Avignon (FR)

Months of median national ir jired to buy 1sq. metes ili - H H H
B . o = NS Affordability - Swiss/French national income, 2019
(44886 offers scrapped in May 2019 - . -
s Affordability = national income, 2014
5
23
F Months of median national income required to buy 1sq. meter
18 Average advertized price for property per square meters / Months of median national income required to buy 1sq. meter
13 ‘Swiss median national income 2015 (euros) Average advertized price for property per square meters / median national income 2014

(1581 transactions ~ sample)

o (1096 (CH) and 10801 offers (FR) scrapped in May 2018
[ o

36
18
12
1
o7

Dﬁm

— Case-study FUA
— Case-study core city

-.. And with French median
national income 2015

33

22

19
— Case-study FUA 14
—_— ﬁla-'ﬁ_gammywre city I:l 1

No data

b ©ESPON, 2019 ) 204
N . Regional level: LAU2 (version 2011)
Regional level: LAUZ (version 2011) 5 . Regional level: LAU2 (version 2011) Source: ESPON Big Data for Territorial Analysis and Housing Dynamics, 2019
Source: ESPON Big Data for Territorial Analysis and Housing Dynamics, 2019 Source: ESPON Big Data for Territorial Analysis and Housing Dynamics, 2019 Origin of data: EU-SILC Survey (Eurostat) and Perval Database, 2019
) or Ter g Origin of data: EU-SILC Survey (Eurostat), Homegate (CH) and Leboncoin.ir (FR), 2018 © EuroGeographics for the administraive boundaries
Origin of data: EU-SILC Survey (Eurostat) and Leboncoin, 2019 A oo !

e for the
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Comparative analysis at LAUZ level

= Paris (FR)
Affordability (apartments only) - national i so10 = Geneva — Annemasse -
ordapility (apartments only) = national income,
Annecy (CH-FR)

B e orared (0 by o N Affordability - Swiss/French national income, 2019
(44886 offers scrapped in May 2019

= Avignon (FR)

Affordability = national income, 2014

Pari
23 =
2
Qg Months of median national income required to buy 1sq. meter
g Average advertized price for property per square meters / Months of median national income required to buy 1sq. meter
Swiss median national income 2015 (euros) Average advertized price for property per square mefers / median national income 2014

(1096 (CH) and 10801 offers (FR) scrapped in May 2018 (1581 transactions — sample)
62
36
18
12
1

o7

06
-

Gmm\namsue

— Case-study FUA
— Case-study core city
NUTS3
Other FUAS

-.. And with French median
national income 2015

114
6.6
33
22
19
— Case-study FUA a0
—— Case-siudy core city 1
NUTS3
Other FUAS [ Jocem
ESPIN H@Esmn,zms - ESPlN ﬂ@sspou,m S B
T T '“"" o " Regional level: LAU2 (version 2011)
Regional level: LAUZ (version 2011) § . Reglonal level: LAU2 (version 2011) Source: ESPON Big Data for Territorial Analysis and Housing Dynamics, 2019
Source: ESPON Big Data for Territorial Analysis and Housing Dynamics, 2019 ) Source: ESPON Big Data for Territorial Analysis and Housing Dynamics, 2019 Origin of data: EU-SILG Survey (Eurostat) and Perval Database, 2019
Do of ot ELSILG Suracy (Earostat) an Lebontom. 2018 Oignof data: EU-SILC Survey Eurostt) Homegate (CH) and Leboncan  (FR), 2070 © EuroGeographics for the administraive boundaries

e for the

More than 3.6 months for a Swizz More than 1.6 months
and 6.8 months for a French
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Airbnb impact on real-estate offers ?

Relationship between . (
Airbnb and real-estate offers Residuals - Pressurised market Barcelona (ES)

. POT_AIRBMNE =194 * POT_REAL_ESTATE -50 R ."I
R-squared = 0.8 . e —

E ’ L / "
o I |
o _ -

1 750 —

@ - T
£
=) —_— ' agn
z Sagrada Familia quarter
£ 500
< :
e ]

5] 5
— e
4 >
& u
D 250 — !
z ﬁl
h
8 / La Rambla
o \ >
o 2 km
Density (hectare) of real-estate offers — 2019 A A
_ Rm_;idmls of linear model,
More real-estate offers than expected <« SRR T E B e O —> Mare Airbnb offers than expected
[ . . :
aNormal» market -366 -320 —265 244 204 163122 81 —41 0 41 B1 122 163 204 244 SOEETTE RN

ESPON // ESPON Big Data for Territorial Analysis and Housing Dynamics 12/3/2019



Densité par ha offres AirBnB 2016

35

Airbnb impact on real-estate offers ?

Paris (FR)

Montmartre

~

Résidus de régression, densité du marché (x) et AirBnB (y)

0 50 00 150 T 1T T 1
Densité par ha transactions 2012 -123.6 -92.7-618-309 0 308 617 92.6123.5154.41853216.1 247
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Inner Paris

Quartier Latin
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Airbnb impact on real-estate offers ?

Madrid (ES)

Plazza Mayor
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Findings [housing Issue]

For most of case-studies, major parts of the cities are unaffordable: effect of continuous two
decades of continuous price increase and growing disconnection between prices and
income.

A typical household would require in most of the cases housing wealth or intergenerational
transfer to purchase a property.

Inequalities manifest in two spatial scales: inter-urban and intra-urban.

Unequal access to affordability reinforce the process of gentrification and financialisation
of housing

Policy response to the problem of housing should be tailored to several parameters such as
urban history (reurbanization process, like Barcelona), local market specificity (mortgage
access and rates), presence or not of tourism (Paris, Palma, Barcelona), demographic
pressure (Madrid, Paris), class-based seggregation (Paris, Polish cities)

At Stake, the right to city for the middle class: Monitor the effect of urban policies in specific
urban areas.
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Findings [Methods]

Creation of an operational methodological framework for producing comparable analysis
between case-studies: harmonised indicators, territorial scales, etc.

Demonstration of the interest to combine conventional and unconventional data sources for
housing thematic. But how negociating officially the access to these unconventional
(private/institutional) data sources for monitoring public policies ?

Added-value of multi-scalar perspective (FUA, LAU2, grid) and methodology (data smoothing)
for combining complementary views on the thematics.

Would require to extend the analysis in the time and the space (other cities): costful at the
moment (data identification/collection/cleaning = manual/experts).
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More Info ?

#1 . Wellbeing Report: Main findings (not technical), results

#2 . Guidance document: Explains the methodological challenges. A narrative adapted to
Paris and Western Paris.

#3: Datasets (basic data, harmonised indicators) for 10 case-study cities at LAU2 and grid
scale

#4: All the maps produced on the basis of harmonised indicators (around 10 maps/case-
studies).

#5: R programs used to build harmonised indicators and analysis.
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