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Un peu d’histoire

Jeune étudiant :

Systèmes centraux

Rubans magnétiques (enquêtes, 160 mégaoctets)

Cartes perforées
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Un peu d’histoire

Jeune professeur :

Systèmes centraux

Rubans magnétiques (enquêtes, 160 mégaoctets)

Terminaux, systèmes VM/CMS IBM 370

Décentralisation du calcul

Inititative de démocratisation des données (IDD)

Vieux (moins jeune) professeur :

Systèmes centraux (back to the future)

Terminaux, grappes de calcul (Colosse, MPI, SMP, etc.)

Rubans magnétiques : 185 téraoctets (1 million les anciens)

On estime qu’il y a 400 exaoctets d’informations stockés sur les rubans

Centralisation du calcul

Centres de données de recherche
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Qu’entend-on par “données massives”?

Domaine privé

Walmart, Amazone, Google, eBay, Nielsen (code-barres),etc.

mégaoctet (106), gigaoctet (109), téraoctet (1012), pétaoctet
(1015), exaoctet (1018), zettaoctet (1021), yottaoctet (1024)

Wal-Mart : 1 million de transactions/heure. Stockées dans une
base de données de 2,5 petaoctets

Banque de données Nielsen (depuis 2006) :
I Prix et quantités hebdomadaires sur 2,6 millions code-barres :

nourriture, autres bien d’épicerie, santé et hygiène, et plus de 1,100
produits

I Marque et format
I Géographie : données scanner data sur 35 000 épiceries, pharmacies,

grands détaillants. Couvre 50% du volume d’achat en épicerie aux USA
et Canada et 30% des ventes totales.

Guy Lacroix (Université Laval) Les données massives 4



Qu’entend-on par “données massives”?

Domaine public : Données administratives

Impôts des particuliers (RQAP)

Assurance-emploi

Aide-sociale

RAMQ, Med-Echo

Charlemagne (Education, ensemble des dossiers des élèves du
Québec, maternelle–secondaire, formation aux adultes et la
formation professionnelle)
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Qu’entend-on par “données massives”?

Domaine public : Données administratives

Impôts des particuliers (RQAP)

Assurance-emploi

Aide-sociale

RAMQ, Med-Echo

Charlemagne (Education, ensemble des dossiers des élèves du
Québec, maternelle–secondaire, formation aux adultes et la
formation professionnelle)

Potentiel de recherche énorme !

Dynamique de la pauvreté, effets des politiques de réinsertion en
emploi, réformes scolaires, réformes en santé, etc.
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Quatre tendances lourdes en sciences sociales

1 Taux de réponses aux sondages en baisse partout

2 Financement des enquêtes est en baisse

3 Changements technologiques
I Coûts de stockage des données
I Coûts de traitement des données
I Temps de calcul en baisse exponentielle

4 Innovations méthodologiques
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Taux de réponses aux sondages en baisse partout
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Response Rates on Household Expenditure Surveys 
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Tendances dans les publications académiques - 1
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Tendances dans les publications académiques - 2

Use of Administrative Data in Publications in Leading Journals, 1980-2010 
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Tendances dans les publications académiques - 4

RESEARCH
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BACKGROUND: Economic science has 

evolved over several decades toward 

greater emphasis on empirical work. The 

data revolution of the past decade is likely 

to have a further and profound effect on 

economic research. Increasingly, econo-

mists make use of newly available large-

scale administrative data or private sector 

data that often are obtained through col-

laborations with private firms, giving rise 

to new opportunities and challenges.

ADVANCES: These new data are affecting 

economic research along several dimen-

sions. Many fields have shifted from a 

reliance on relatively small-sample govern-

ment surveys to administrative data with 

Economics in the age of big data

ECONOMICS

Liran Einav1,2* and Jonathan Levin1,2

The rising use of non–publicly available data in economic research. Here we show the 

percentage of papers published in the American Economic Review (AER) that obtained an ex-

emption from the AER’s data availability policy, as a share of all papers published by the AER 

that relied on any form of data (excluding simulations and laboratory experiments). Notes and 

comments, as well as AER Papers and Proceedings issues, are not included in the analysis. We 

obtained a record of exemptions directly from the AER administrative sta�  and coded each ex-

emption manually to re� ect public sector versus private data. Our check of nonexempt papers 

suggests that the AER records may possibly understate the percentage of papers that actually 

obtained exemptions. The asterisk indicates that data run from when the AER started collecting 

these data (December 2005 issue) to the September 2014 issue. To make full use of the data, 

we de� ne year 2006 to cover October 2005 through September 2006, year 2007 to cover 

October 2006 through September 2007, and so on. 
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REVIEW SUMMARY

universal or near-universal population 

coverage. This shift is transformative, as it 

allows researchers to rigorously examine 

variation in wages, health, productivity, 

education, and other measures across dif-

ferent subpopulations; construct consis-

tent long-run statistical indices; generate 

new quasi-experimental research designs; 

and track diverse outcomes from natural 

and controlled experiments.

Perhaps even more notable is the expan-

sion of private sector data on economic 

activity. These data, sometimes available 

from public sources but other times ob-

tained through data-sharing agreements 

with private firms, can help to create more 

granular and real-time measurement of ag-

gregate economic statistics. The data also 

offer researchers a look inside the “black 

box” of firms and markets by providing 

meaningful statistics on economic behav-

ior such as search and information gath-

ering, communication, decision-making, 

a n d m i c r o l e vel t r a ns-

actions. Collaborations 

w  i  t h d a t  a - o  r  i  e n t  e d 

firms also create new 

opportunities to con-

duct and evaluate ran-

domized experiments. 

Economic theory plays an important 

role in the analysis of large data sets with 

complex structure. It can be difficult to or-

ganize and study this type of data (or even 

to decide which variables to construct) 

without a simplifying conceptual frame-

work, which is where economic models 

become useful. Better data also allow for 

sharper tests of existing models and tests 

of theories that had previously been diffi-

cult to assess.

OUTLOOK: The advent of big data is al-

ready allowing for better measurement 

of economic effects and outcomes and is 

enabling novel research designs across a 

range of topics. Over time, these data are 

likely to affect the types of questions econ-

omists pose, by allowing for more focus 

on population variation and the analysis 

of a broader range of economic activities 

and interactions. We also expect econo-

mists to increasingly adopt the large-data 

statistical methods that have been devel-

oped in neighboring fields and that often 

may complement traditional econometric 

techniques. 

These data opportunities also raise some 

important challenges. Perhaps the primary 

one is developing methods for researchers 

to access and explore data in ways that re-

spect privacy and confidentiality concerns. 

This is a major issue in working with both 

government administrative data and pri-

vate sector firms. Other challenges include 

developing the appropriate data manage-

ment and programming capabilities, as 

well as designing creative and scalable 

approaches to summarize, describe, and 

analyze large-scale and relatively unstruc-

tured data sets. These challenges notwith-

standing, the next few decades are likely 

to be a very exciting time for economic 

research. � 

1Department of Economics, Stanford University, Stanford, CA 
94305, USA. 2National Bureau of Economic Research, 1050 
Massachusetts Avenue, Cambridge, MA 02138, USA.
*Corresponding author. E-mail: leinav@stanford.edu
Cite this article as L. Einav, J. Levin, Science 346, 1243089 
(2014); DOI: 10.1126/science.1243089

Read the full article 
at http://dx.doi
.org/10.1126/
science.1243089
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Avantages des données administratives

1 Information de meilleure qualité : peu d’attrition ou de valeurs
manquantes :

I CPS (Current Population Survey) : Taux de non-réponse ≈ 31%
pour le revenu

I SIPP (Survey of Income and Program Participation) : Taux
d’attrition ≈ 30% sur 3 ans

2 Suivi longitudinal sur de longues périodes
I Taux d’appariement de 95% sur plus de 20 ans dans une étude sur

l’impact à long terme de la scolarité dans la petite enfance
(Chetty et al (2011))

3 Très grands échantillons : 2 000 fois la taille du CPS
I Permet de faire appel à de nouvelles techniques

non-paramétriques, de traiter convenablement de l’hétérogénéité
des effets des politiques
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1 Information de meilleure qualité : peu d’attrition ou de valeurs
manquantes :

I CPS (Current Population Survey) : Taux de non-réponse ≈ 31%
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(Chetty et al (2011))
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I Permet de faire appel à de nouvelles techniques

non-paramétriques, de traiter convenablement de l’hétérogénéité
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Innovations méthodologiques

Prédictions hors-échantillon

1 Classifications et “Arbres de régressions” (Regression trees)

2 “Boosting, Bagging, Bootstrap”

3 Random Forest

Sélections de variables

1 LASSO : Least absolute shrinkage and selection operator.

2 Spike and Slab regressions

Économétrie et estimation

1 Machine Learning

2 Regression Discontinuity
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Développements méthodologiques

Regression Discontinuity

Méthode statistique qui permet d’évaluer l’effet causal d’une variable
(ou d’un traitement) sur une autre en regardant ce qui se passe
autour d’un seuil de discontinuité. La méthode s’apparente à ce que
les économistes appellent une expérience naturelle.
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Billion Prices Project

Article : Alberto Cavallo and Roberto Rigobon, The Billion Prices Project : Using Online
Prices for Measurement and Research, Journal of Economic Perspectives, Volume 30,
Number 2, 2016, 151–178
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Billion Prices Project

Article : Alberto Cavallo and Roberto Rigobon, The Billion Prices Project : Using Online
Prices for Measurement and Research, Journal of Economic Perspectives, Volume 30,
Number 2, 2016, 151–178

Objectif

Le gouvernement argentin publiait des taux d’inflation de 8% entre
2007-2011. Les données de prix en ligne indiquaient plutôt 20%,
conformément aux estimations des économistes et des gouvernements
locaux à partir d’enquêtes

Développement d’un indice des prix calculé automatiquement, en
temps réel à partir des prix en ligne

Les auteurs ont lancé le BDPP à MIT en 2008.

2010 : 5 millions de prix/jour auprès de 300 détaillants dans 50 pays.
500 000 prix aux USA quotidiennement (le Bureau of Labor Statistics
collecte environ 80 000 prix par mois ou au 2 mois)
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Billion Prices Project

Pourquoi est-ce important pour les politiques publiques ?

Rapport Boskin : “Toward A More Accurate Measure Of The
Cost Of Living”, Final Report to the Senate Finance Committee
from the Advisory Commission To Study The Consumer Price
Index, December 4, 1996
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Billion Prices Project

substantial challenges remain (15, 16). This is par-
ticularly true in theUnited States, where confiden-
tiality and privacy concerns, as well as bureaucratic
hurdles, havemade accessing administrative data
sets and linking records between these data sets
relatively cumbersome. European countries such
as Norway, Sweden, and Denmark have gone
much farther to merge distinct administrative
records and facilitate research. Card et al. (3)
have articulated a set of principles for expanding
access to administrative data, including compe-
tition for data access, transparency, and preven-
tion of disclosure of individual records. We view
these as useful guideposts. However, even with
today’s somewhat piecemeal access to adminis-
trative records, it seems clear that these data will
play a defining role in economic research over the
coming years.

Private sector data: Collection
and collaborations

An evenmore dramatic change in data collection
is occurring in the private sector. Whereas the
popular press has focused on the vast amount of
information collected by Internet companies such
as Google, Amazon, and Facebook, firms in every
sector of the economy now routinely collect and
aggregate data on their customers and their
internal businesses. Banks, credit card compa-
nies, and insurers collect detailed data on house-
hold and business financial interactions. Retailers
such as Walmart and Target collect data on
consumer spending, wholesale prices, and inven-
tories. Private companies that specialize in data
aggregation, such as credit bureaus or marketing
companies such as Acxiom, are assembling rich
individual-level data on virtually every household.

Although the primary purpose of all this data
collection is for business use, there are also po-
tential research applications in economics and
other fields. These applications are just starting
to be identified and explored, but recent research
already provides some useful signals of value.
One potential application of private sector data

is to create statistics on aggregate economic ac-
tivity that can be used to track the economy or
as inputs to other research. Already the payroll
service companyADPpublishesmonthly employ-
ment statistics in advance of the Bureau of
Labor Statistics, MasterCard makes available
retail sales numbers, and Zillow generates house
price indices at the county level. These data may
be less definitive than the eventual government
statistics, but in principle they can be provided
faster andperhaps at amore granular level,making
themuseful complements to traditional econom-
ic statistics.
The Billion Prices Project (BPP) at the Massa-

chusetts Institute of Technology is a related
researcher-driven initiative. The BPP researchers
coordinate with Internet retailers to download
daily prices and detailed product attributes on
hundreds of thousands of products (17). These
data are used to produce a daily price index.
Although the sample of products is, by design,
skewed toward products stocked by online re-
tailers, it can replicate quite closely the consumer
price index (CPI) series generated by the Bureau
of Labor Statistics, with the advantage that the
standard consumer series is published monthly,
with a lag of several weeks. More interestingly,
the project generates price indices for countries
in which government statistics are not regularly
available or countries in which the published

government statistics may be suspect for mis-
reporting, as in Argentina (18) (Fig. 2).
Baker et al. (19) have adopted a similar data

aggregation strategy by assembling the full texts
of 10 leading newspapers to construct a daily
index of economic policy uncertainty. In contrast
to the BPP indices, their Economic Policy Uncer-
tainty Index is a new measure of economic ac-
tivity that does not have a parallel in any formal
government report. However, it captures a con-
cept that economists have argued may be impor-
tant for understanding firm investment decisions
and macroeconomic activity.
Recent work suggests that publicly available

search query data or tweets on Twitter might be
used to provide similar statistics on aggregate
activity (20, 21). As an example, Varian and co-
authors (22, 23) use Google search data to provide
short-run forecasts of unemployment, consumer
confidence, and retail sales. Their analysis has
parallels to the well-known Google Flu Trends
index, which used search query data to predict
the Center for Disease Control’s measure of flu
infections. There is a cautionary note here aswell,
given that the Google Flu Trends index model
broke down as Google changed its underlying
search algorithm (24). It is likely that successful
economic indices using private data will have to
be maintained and updated carefully.
A second application of private data is to allow

researchers to look “inside” specific firms or mar-
kets to study employee or consumer behavior or
the operation of different industries. Recent
work in this vein often relies on proprietary
data obtained through collaborations with pri-
vate firms. These agreements may take various
forms, depending on the sensitivity of the data

SCIENCE sciencemag.org 7 NOVEMBER 2014 • VOL 346 ISSUE 6210 1243089-3

Fig. 2. BPP price index. Dashed red lines show the monthly series for the
CPI in the United States (A) and Argentina (B), as published by the formal
government statistics agencies. Solid black lines show the daily price index
series, the “State Street’s PriceStats Series” produced by the BPP, which
uses scraped Internet data on thousands of retail items. All indices are
normalized to 100 as of 1 July 2008. In the U.S. context, the two series track

each other quite closely, although the BPP index is available in real time and
at a more granular level (daily instead of monthly). In the plot for Argentina,
the indices diverge considerably, with the BPP index growing at about twice
the rate of the official CPI. [Updated version of figure 5 in (18), provided
courtesy of Alberto Cavallo and Roberto Rigobon, principal investigators of
the BPP]

RESEARCH | REVIEW

 o
n 

M
ay

 1
0,

 2
01

6
ht

tp
://

sc
ie

nc
e.

sc
ie

nc
em

ag
.o

rg
/

D
ow

nl
oa

de
d 

fr
om
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Billion Prices Project
Alberto Cavallo and Roberto Rigobon     161

The comparison of online and offline indices in other countries is completely 
different. The daily US index, shown in Figure 2, is a great example. 

Despite the multiple reasons why we might expect inflation indexes based on 
online and offline prices to deviate, the US online index has co-moved closely with 
the official Consumer Price Index for over seven years. Although there are periods 
where the indexes diverge, the differences are relatively small and temporary. This 
can also be seen in the monthly and annual inflation rates in Figures 2B and 2C. 

The US online index is particularly good at anticipating major changes in 
inflation trends. Predicting these changes is important for participants in financial 
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Figure 2 
United States

Source: Authors using online price index computed by PriceStats and a comparable consumer price 
index (CPI) from the US Bureau of Labor Statistics. 
Notes: The figure compares a price index produced with online data to the US CPI for the United States 
January 2008 to January 2016. The monthly inflation rates for the online index are computed as the 
percentage change in the average of the previous 30 days compared to the same average a month before. 
Annual inflation rates for the online index are computed as the percentage change in the average of the 
previous 30 days compared to the same average 365 days before. All price indexes are non–seasonally 
adjusted. 

160     Journal of Economic Perspectives

difference was mostly in the level of the annual inflation rate, not its movements 
over time. The online index also quickly reacted to aggregate shocks, such as the 
massive roadblocks by farmers who protested export tax hikes in 2008. This strongly 
suggested that online data was capable of capturing the fundamental dynamics of 
inflation and prompted us to collect data in other countries.3 

3 It also implied that the government was not using a particularly sophisticated algorithm to change the 
inflation rate. In Cavallo (2013), we showed that one could closely approximate the official index by 
simply dividing the online inflation rate by three. 
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Source: Authors using online price index computed by PriceStats and the consumer price index from the 
national statistical office in Argentina (INDEC).
Notes: The figure compares a price index produced with online data to a comparable official consumer 
price index (CPI) for the case of Argentina from 2007 to 2015. It also looks at annual and monthly 
inflation rates using each source of data. Monthly inflation rates for the online index are computed as 
the percentage change in the average of the previous 30 days compared to the same average a month 
before. Annual inflation rates for the online index are computed as the percentage change in the 
average of the previous 30 days compared to the same average 365 days before. All price indexes are 
nonseasonally adjusted.
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over time. The online index also quickly reacted to aggregate shocks, such as the 
massive roadblocks by farmers who protested export tax hikes in 2008. This strongly 
suggested that online data was capable of capturing the fundamental dynamics of 
inflation and prompted us to collect data in other countries.3 

3 It also implied that the government was not using a particularly sophisticated algorithm to change the 
inflation rate. In Cavallo (2013), we showed that one could closely approximate the official index by 
simply dividing the online inflation rate by three. 
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Figure 1 
Argentina

Source: Authors using online price index computed by PriceStats and the consumer price index from the 
national statistical office in Argentina (INDEC).
Notes: The figure compares a price index produced with online data to a comparable official consumer 
price index (CPI) for the case of Argentina from 2007 to 2015. It also looks at annual and monthly 
inflation rates using each source of data. Monthly inflation rates for the online index are computed as 
the percentage change in the average of the previous 30 days compared to the same average a month 
before. Annual inflation rates for the online index are computed as the percentage change in the 
average of the previous 30 days compared to the same average 365 days before. All price indexes are 
nonseasonally adjusted.

Access to the Billion Prices Project Data

As an academic project, we share as much data and results as possible on our 
webpage (bpp.mit.edu). Most of the micro data and indexes used in our papers 
are currently available to download on that page, together with detailed scripts 
that allow others to replicate and extend our results. The micro data are posted 
with little pretreatment, so other researchers can apply their own methods. We 
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Mortalité infantile

Article : D. Almond, J. J. Doyle, A. E. Kowalski, H. Williams,
Estimating the Marginal Returns to Medical Care : Evidence
From At-Risk Newborns, The Quarterly Journal of Economics,
May 2010

Guy Lacroix (Université Laval) Les données massives 17



Mortalité infantile

Article : D. Almond, J. J. Doyle, A. E. Kowalski, H. Williams,
Estimating the Marginal Returns to Medical Care : Evidence
From At-Risk Newborns, The Quarterly Journal of Economics,
May 2010

Objectif :

“A key policy question is whether the benefits of additional
medical expenditures exceed their costs”

Comparaison de l’effet de traitements différenciés sur la santé des
nouveaux-nés dont le poids est de 1 500 grammes (mortalité)
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Mortalité infantile

Données :

“NCHS birth cohort-linked death files”, incluent des données sur toutes
les naissances aux USA pour les années 1983–1991 et 1995–2002,
approximativement 66 million de naissances

The California research database is the same data set used in Almond
and Doyle (2008). These data were collected by the California Office of
Statewide Health Planning and Development and include all live births
in California from 1991 to 2002 – approximately 6 million births

Healthcare Cost and Utilization Project (HCUP) : données pour
l’Arizona 2001–2006, New Jersey 1995–2006, Maryland 1995–2006, et
New York 1995–2000. Approximativement 10,5 million naissances
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Données :

“NCHS birth cohort-linked death files”, incluent des données sur toutes
les naissances aux USA pour les années 1983–1991 et 1995–2002,
approximativement 66 million de naissances

The California research database is the same data set used in Almond
and Doyle (2008). These data were collected by the California Office of
Statewide Health Planning and Development and include all live births
in California from 1991 to 2002 – approximately 6 million births

Healthcare Cost and Utilization Project (HCUP) : données pour
l’Arizona 2001–2006, New Jersey 1995–2006, Maryland 1995–2006, et
New York 1995–2000. Approximativement 10,5 million naissances

Méthode : Regression Discontinuity
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Transmission intergénérationnelle de la pauvreté : 1992

Article : D. Zimmerman, “Regression Toward Mediocrity in
Economic Stature”, The American Economic Review, Vol. 82, No.
3 (Jun., 1992), pp. 409–429

“Few sons, indeed are like their fathers. Generally they are
worse ; but just a few are better.” [Homer, Odyssey]

“Like father, like son.” [Old Proverb]
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Transmission intergénérationnelle de la pauvreté : 1992

Article : D. Zimmerman, “Regression Toward Mediocrity in
Economic Stature”, The American Economic Review, Vol. 82, No.
3 (Jun., 1992), pp. 409–429

“Few sons, indeed are like their fathers. Generally they are
worse ; but just a few are better.” [Homer, Odyssey]

“Like father, like son.” [Old Proverb]

Objectif :

L’article s’intéresse à la corrélation entre les revenus des pères et
de leurs fils sur le cycle de vie

L’étude trouve que la corrélation intergénérationelle du revenu est
d’environ 0,4. Cela suggère que la mobilité intergénérationnelle
est beaucoup plus faible que ce que l’on croyait à l’époque
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Transmission intergénérationnelle de la pauvreté : 1992

Objectif :

L’article s’intéresse à la corrélation entre les revenus des pères et
de leurs fils sur le cycle de vie

L’étude trouve que la corrélation intergénérationelle du revenu est
d’environ 0,4. Cela suggère que la mobilité intergénérationnelle
est beaucoup plus faible que ce que l’on croyait à l’époque

Données :

National Longitudinal Survey (NLS), “Mature Men” et “Young
Men”. Enquête débutée en 1966 et comporte quatre cohortes,
chacune disposant d’environ 5 000 individus. Seulement 876
dyades pères-fils ont pu être constituées.

Guy Lacroix (Université Laval) Les données massives 18



Transmission intergénérationnelle de la pauvreté : 2016

Article : R. Chetty, N. Hendren, P. Kline, E. Saez, and N. Turner,
“Is the United States Still a Land of Opportunity ? Recent Trends
in Intergenerational Mobility”, American Economic Review Papers
and Proceedings 104(5) : 141-147, 2014
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Transmission intergénérationnelle de la pauvreté : 2016

Article : R. Chetty, N. Hendren, P. Kline, E. Saez, and N. Turner,
“Is the United States Still a Land of Opportunity ? Recent Trends
in Intergenerational Mobility”, American Economic Review Papers
and Proceedings 104(5) : 141-147, 2014

Objectif :

“United States traditionally hailed as ’land of opportunity’ ”

Aime à penser que les chances de succès sont indépendantes du revenu des
parents

Controverse à ce sujet en raison des données utilisées (dimension, qualité)
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Transmission intergénérationnelle de la pauvreté : 2016

Objectif :

“United States traditionally hailed as ’land of opportunity’ ”

Aime à penser que les chances de succès sont indépendantes du revenu des
parents

Controverse à ce sujet en raison des données utilisées (dimension, qualité)

Données :

IRS Databank [Chetty, Friedman, Hilger, Saez, Yagan 2011]. Mobilité
intergénérationnelle fondée sur des données administratives regroupant plus
de 40 millions d’enfants-parents, 1992–2006

Résultats : Portrait nuancé de la mobilité intergénérationnelle

I Beaucoup de variation spatiale
I Régions avec beaucoup de mobilité, d’autres avec pauvreté

persistante
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Transmission intergénérationnelle de la pauvreté

Upward Mobility CZ Name Y25  Y100 – Y0 
P(Child in Q5| 

Rank Parent in Q1) 
1 Salt Lake City, UT 46.2 0.264 10.83% 
2 Pittsburgh, PA 45.2 0.359 9.51% 
3 San Jose, CA 44.7 0.235 12.93% 
4 Boston, MA 44.6 0.322 10.49% 
5 San Francisco, CA 44.4 0.250 12.15% 
6 San Diego, CA 44.3 0.237 10.44% 
7 Manchester, NH 44.2 0.296 10.02% 
8 Minneapolis, MN 44.2 0.338 8.52% 
9 Newark, NJ 44.1 0.350 10.24% 

10 New York, NY 43.8 0.330 10.50% 

Highest Absolute Mobility In The 50 Largest CZs 
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Transmission intergénérationnelle de la pauvreté

Upward Mobility CZ Name Y25  Y100 – Y0 
P(Child in Q5| 

Rank Parent in Q1) 
41 Nashville, TN 38.2 0.357 5.73% 
42 New Orleans, LA 38.2 0.397 5.12% 
43 Cincinnati, OH 37.9 0.429 5.12% 
44 Columbus, OH 37.7 0.406 4.91% 
45 Jacksonville, FL 37.5 0.361 4.92% 
46 Detroit, MI 37.3 0.358 5.46% 
47 Indianapolis, IN 37.2 0.398 4.90% 
48 Raleigh, NC 36.9 0.389 5.00% 
49 Atlanta, GA 36.0 0.366 4.53% 
50 Charlotte, NC 35.8 0.397 4.38% 

Lowest Absolute Mobility In The 50 Largest CZs 

Guy Lacroix (Université Laval) Les données massives 21



Transmission intergénérationnelle de la pauvreté

Corr. with baseline 𝑦 25 = 0.98 (unweighted), 0.86 (pop-weighted)  

Upward Mobility (Y25) Adjusted for Differences in Cost of Living 
Parent and Child Income Deflated by Cost of Living Based on ACCRA data 
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Effets de la qualité de l’enseignement

Article : R. Chetty, J. Friedman et J. Rockoff, “Measuring the
Impact of Teachers II : Teacher Value-Added and Student
Outcomes in Adulthood”, American Economic Review 104(9) :
2630-2679
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Effets de la qualité de l’enseignement

Article : R. Chetty, J. Friedman et J. Rockoff, “Measuring the
Impact of Teachers II : Teacher Value-Added and Student
Outcomes in Adulthood”, American Economic Review 104(9) :
2630-2679

Objectif :

“Are teachers’ impacts on students’ test scores (“value-added”) a
good measure of their quality”
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Effets de la qualité de l’enseignement

Objectif :

“Are teachers’ impacts on students’ test scores (“value-added”) a
good measure of their quality”

Données :

Fusion de données administratives sur les étudiants et les
professeurs en 3e–8e années pour les années 1980-2009 avec
leurs données fiscales 1996-2011

Information sur l’historique scolaire, résultats aux tests (Anglais,
arts, math)

2,5 millions d’enfants, 18 millions de tests
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Effets de la qualité de l’enseignement
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Effets de la qualité de l’enseignement
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Effets de la qualité de l’enseignement
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Réforme de l’aide sociale en 1989 au Québec

Deux études :

1 Drolet, S., B. Fortin and G. Lacroix (2004), “Welfare Benefits,
Minimum Wage Rate and the Duration of Welfare Spells :
Evidence from a Natural Experiment in Canada”, Journal of
Public Economics, Volume 88, Issues 7-8, 1495–1520.
⇒ Doubles différences

2 Lemieux, Thomas & Milligan, Kevin (2008), “Incentive effects of
social assistance : A regression discontinuity approach”, Journal
of Econometrics, Elsevier, vol. 142(2), pages 807-828, February.
⇒ Regression discontinuity
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Réforme de l’aide sociale en 1989 au Québec

Deux études :

1 Drolet, S., B. Fortin and G. Lacroix (2004), “Welfare Benefits,
Minimum Wage Rate and the Duration of Welfare Spells :
Evidence from a Natural Experiment in Canada”, Journal of
Public Economics, Volume 88, Issues 7-8, 1495–1520.
⇒ Doubles différences

2 Lemieux, Thomas & Milligan, Kevin (2008), “Incentive effects of
social assistance : A regression discontinuity approach”, Journal
of Econometrics, Elsevier, vol. 142(2), pages 807-828, February.
⇒ Regression discontinuity

Données

Fichiers administratifs du Ministère de la Solidarité sociale : 63 707
individus
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Données

Fichiers administratifs du Ministère de la Solidarité sociale : 63 707
individus

Guy Lacroix (Université Laval) Les données massives 27



Réforme de l’aide sociale en 1989 au Québec

18–21 ans 22–24 ans

25–29 ans 30 + ans
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Programme Action-Emploi

Article : Guy Lacroix et Thomas Vigneault, (2012) , “Subvention
salariale et sortie de pauvreté”, Le Québec économique , Luc
Godbout, Marcelin Joanis et Nathalie de Marcellis-Warin (eds)
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Programme Action-Emploi

Article : Guy Lacroix et Thomas Vigneault, (2012) , “Subvention
salariale et sortie de pauvreté”, Le Québec économique , Luc
Godbout, Marcelin Joanis et Nathalie de Marcellis-Warin (eds)

Objectif :

Analyser l’impact du programme Action Emploi sur la dépendance à long
terme des prestataires de l’assistance sociale
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Programme Action-Emploi

Le programme Action Emploi

Permettre à des prestataires de longue durée de l’assistance-emploi de
réintégrer le marché du travail de façon durable

Entré en vigueur le 1er décembre 2001

Avoir cumulé un minimum de 36 mois de présence à l’aide au cours des 45
mois précédant leur inscription à la mesure Action emploi

Trouver un emploi 30 heures/semaine dans la première année

Prestataires bénéficient d’un supplément à leurs revenus de travail pendant
une période maximale de trois ans.

L’aide accordée est modulée de manière à décrôıtre avec le temps : 390
$/mois la 1ere année, 260 $/mois la 2e année, 130$/mois la 3e année

Données :
Fichiers administratifs du Ministère de la Solidarité sociale. Plus de 404 218
dossiers actifs en date du mois de décembre 2002, en plus de 13 308 participants
au programme.
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Le programme Action Emploi
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Le programme Action Emploi
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Le programme Action Emploi
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Conclusions :
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Conclusions :

Recherche

1 Les données massives présentent un potentiel énorme pour la recherche
et l’évaluation des politiques publiques. Mais :

2 Le Québec accuse un sérieux retard sur le reste du Canada, les USA et
l’Europe

3 La recherche fondée sur les enquêtes de moins en moins valorisée

4 Les chercheurs et les étudiants québécois sont pénalisés
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Conclusions :

Recherche

1 Les données massives présentent un potentiel énorme pour la recherche
et l’évaluation des politiques publiques. Mais :

2 Le Québec accuse un sérieux retard sur le reste du Canada, les USA et
l’Europe

3 La recherche fondée sur les enquêtes de moins en moins valorisée

4 Les chercheurs et les étudiants québécois sont pénalisés

Formation

1 Repenser les curriculum académiques en science économique
I “Machine Learning” : Pas uniquement réservé aux

informaticiens/ingénieurs/statisticiens
I Regression discontinuity, analyse non-paramétrique
I Renforcement des connaissances en traitement informatique des

grandes bases de données

2 Pertinente seulement si accès aux données, et si valorisée dans la
fonction publique
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