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Abstract

This dissertation deals with family formation, family organization and education systems. The

�rst part focuses on the household formation and within-household resource sharing whereas

the second part focuses on education of junior high schools students.

The �rst two chapters study how people choose their partners and how they share their

income. First, I focus on household formation and I model the matching process as follows:

people meet randomly and decide to match or not depending on the marriage gain they would

bene�t from living together. People can choose their partner according to their education level,

their wage and their physical attractiveness. I use American data, and I observe who matches

with whom and who stays single and for how long. I then recover the preferences of individuals

in terms of mating and the e�ciency of the marriage market. The second chapter attempts to

understand how the e�ciency and the sorting of the marriage market could impact economic

outcomes such as wealth and income inequalities or men and women labor supplies. In this

chapter, individuals work and enjoy leisure and consumption. When they marry, they share

their income and decide how much each of them will work on the market and at home to raise

children or do the housework. I estimate my model on British data. I recover the amount of

monetary transfers which exist between household members and show that these transfers make

married women work less on the market and married men work more.

The last two chapters of this dissertation deal with education of young students. They focus

on the French education system and on the impact of grade retention policies. PISA data show

that French students score have decreased between 2000 and 2009. In the third chapter which

is a joint work with Noémie Le Donné, we use distributional decomposition methods to assess

to which extent this decrease can be attributed to the changes in students characteristics or to

the changes in school returns. We �nd that grade retention has a more negative e�ect in 2009

than in 2000. However, PISA data are not longitudinal and we can't disentangle what comes

from a change in the retention return from what comes from a selection e�ect. In the fourth

chapter of this thesis, which is a joint work with Robert Gary-Bobo and Jean-Marc Robin, we

�nd an estimation strategy to get rid of this selection e�ect and we use a panel data on French

high-school students to evaluate the impact of grade retention on their scores.
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Introduction
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"I was interested in social problems but felt

that economics had the tools by which to handle

these long-term interests and social questions"

Gary Becker, Nobel Lecture, 1992

1 Economic Imperialism: Marriage and Education as Economic

Issues

Marriage, family and education issues do not belong to the traditional core of economics.

Yet their impact on economic development, productivity growth, innovation, poverty and

inequalities is huge. Economists then have to understand individual social behaviors to derive

their aggregate e�ect on economic outcomes (Becker, 1993). Accumulation and transmission

of human capital across generations is the main vector that economists focus on through

which families and education impact economic development. For economists, human capital1 is

the stock of skills, knowledge, habits, social and personal attributes, including creativity and

cognitive abilities which help to produce economic value. Social capital accumulates as any

other type of capital: it can improve with education, experience or training2.

Human capital is essential both at the macro-economic and at the micro-economic level.

At the aggregate level, human capital is an important factor for economic development, pro-

ductivity growth, and innovation (Aghion and Howitt, 1992; Romer, 1990). At the individual

level, human capital (e.g education and non-cognitive skills) is the �rst determinant of labor

market earnings (Heckman et al., 2006). In all societies, families play an essential role in the

accumulation and the transmission of human capital. Family formation and intra-household

organization may have consequently a signi�cant impact on the formation of inequalities of

education and income and on their transmission across generations. We can indeed identify three

sources of inequalities naturally conveyed by family structures: homogamy, inter-generational

transmission of human capital and role specialization within the household. First, preferences

of individuals to mate with their likes mechanically increase inequalities across household

(Greenwood et al., 2014). Second, these income inequalities are transmitted across generations

as a large literature highlights the crucial role of the family environment in children human

capital accumulation for both cognitive and non-cognitive skills (Carneiro and Heckman, 2003;

Piketty, 2003; Cunha et al., 2010; Heckman et al., 2006). Besides, family income and market

credit constraints also in�uence education investment decisions (Acemoglu and Pischke, 2001).

Finally, within-household arrangements may also create inequalities through the gender division

of roles within the household and through the decision made by the household members on the

education choice for the children and on the part of the income which is devoted to them. Several

studies show that when transfer payments are given to women rather than to their husbands,

1Sociologists work with a di�erent concept of human capital de�ned by Pierre Bourdieu which includes
cultural capital, social capital, economic capital, and symbolic capital.

2Human capital has been a very controversial term as it may give the impression that it treats people as
machines. Approaching schooling as an investment rather than a cultural experience was considered unfeeling
and extremely narrow. It has been elected the Un-word of the year in 2004.

3



expenditures on children increase (Thomas, 1993; Lundberg et al., 1997). Empowerment of

women would then have a strong e�ect on development and growth (Doepke et al., 2012).3

The signi�cant e�ect of family background on children's future earnings linked with the

increase in assortative mating is fostering inequalities. Inequalities in earnings are worrying

if they limit earning mobility across generations which appears to be the case in high-income

countries (Autor, 2014; Corak, 2013). To counteract the trend in increasing inequalities, we

need to promote children's human capital in a way that o�ers greater bene�ts to the more

disadvantaged. Studying the determinants of schooling choices and the process of accumulation

of knowledge by students is of great importance to build e�cient education systems, to improve

growth and innovation and to give equal opportunities of learning to all children. For a good

understanding of the mechanisms at play, we need to answer several questions: what are the

mechanisms of couples formation ? Who marries whom ? What is the within-household decision

process ? To which extent does it depend on wages inequalities between men and women or on

their preferences for leisure and consumption ? Do existing education systems provide the same

learning opportunities to all children independently of their family background ? Are the school

reforms which target disadvantaged children e�cient ?

Using the economic approach, this dissertation provides some elements of answers to these

questions. To understand the aggregate impact of social behavior on economic outcomes, we

need to focus on the individual. The economic approach of individual social behaviors is the

rational choice theory which assumes that individuals weigh bene�ts and costs before taking any

decision. The rationality assumption was �rst restricted to model �nancial decisions such as

investment, saving and consumption. Since Gary Becker, economists have extended it to any

individual decisions such as marriage, fertility, education or even crime as soon as individuals

make decisions through weighing the advantages and disadvantages of alternative actions. Ac-

tions are constrained by income, time, imperfect memory and calculating capacities, and other

limited resources, and also by the available opportunities in the economy and elsewhere.

In the �rst part of this dissertation, I use a micro-economic approach to model marriage

decision and within-household allocation of resources. First I propose new methodologies to

estimate preferences of individuals in mating and I implement them on American data (PSID)

and on English data (BHPS). I then develop a model of the within-household decision process

and I show how the decisions made are linked to the marriage market. Labor supplies of men

and women are then estimated taking into account the matching process.

In the second part, I focus on the French high-school system and I look at its e�ciency

to improve performances of students independently of their family backgrounds. Using PISA

database in 2000 and 2009, and the panel DEPP of 1995, I look at performance inequalities

and at the impact of the grade retention practice and the program of priority education area

on school results. Before going through the four chapters of my dissertation, I present the main

concepts in family economics and education systems.

3In 2006, the World Bank launched its Gender Action Plan, which was explicitly justi�ed with the e�ects of
female empowerment on economic development.
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2 Family Formation and Intra-Household Allocation of Resources

2.1 Family Gain

Despite an increase in single person households over the past few years, the couple is still a

dominant organization for individuals: more than 75% of the 25-65 year old individuals live in

couples in the OECD countries. The large majority of individuals look for a partner with whom

they will live and may have children (OECD, 2011).

There are important gains from living in couple, both economic and emotional.

Browning et al. (2014) identify several broad sources of potential material gain from liv-

ing in couple4. First, the sharing of public (non rival) goods such as rent or electricity bills etc.

Estimates of this gain are large and amount to 40 % of savings (Browning et al., 2013). Second,

life in couple allows division of labor to exploit comparative advantage and increasing returns to

scale (Becker, 1973, 1981). One partner could work at home while the other works in the formal

labor market. Household work is the source of important production activities that should not

be disregarded. Individuals (particularly women) spend a signi�cant fraction of their available

time on what economists call �household production� and which comprises immediate tasks such

as cleaning, cooking, etc., but also long term investments in health, education and others. Third,

marriage allows for extending credit and coordination of investment activities. For example, one

partner may work when the other is in school to increase his/her human capital for better future

labor earnings. Commitments are crucial for the implementation of such a program (Dufwenberg,

2002). A woman will be hesitant to support her husband through long superior education if she

expects him to break the marriage when he graduates. Finally, another advantage of marriage

is risk pooling: one partner may work while the other is sick or unemployed. Intuitively

one partner can transfer resources to his/her partner in good times and taking resource from

him/her in bad times. Then, both partners can be made strictly better o�, provided that

their incomes are not perfectly correlated (or that risk aversions di�er). Hess (2004) �nds that

couples with a higher correlation in incomes are more likely to divorce, suggesting that e�ects

of mutual insurance on the gains from marriage are higher when the partners' incomes are less

correlated. Shore (2010) �nds that the correlation in spouses' earnings respond to the busi-

ness cycle: it is higher for couples whose marriage spans longer periods of high economic activity.

Browning et al. (2014) remark that from an economic point of view, the couple is a partner-

ship for the purpose of joint production and joint consumption where consumption and produc-

tion are broadly de�ned to include goods and services such as companionship and children . Yet,

the gain to live in couples may vary with the characteristics of the partners and it is interesting

to look at how couples are formed.

2.2 Homogamy (Assortative Mating)

Are people looking for the most educated or rich individual? Are they looking for people the

most similar to themselves? A remarkable fact in couples' characteristics is the importance of

4Most of example ofs this section are taken from Browning et al. (2014).
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social homogamy (OECD, 2011; Vanderschelden, 2006): men and women often partner with

people with similar social backgrounds as theirs. Despite the ongoing individualization and

liberalization of lifestyle (cohabitation, multiplication of partners,...), we observe a persistence

of social attraction and repulsion in partner's choice. A famous survey conducted by the

sociologists Bozon and Héran (1991) analyzed mating behavior of French couples. It shows that

individuals are not aware of their attraction to socially similar people. Most of the interviewed

individuals highlighted that they met their partner by chance. Moreover, agents do not value

consciously the social proximity. This criterion comes far away behind health, moral qualities

and physical appearance. These authors show that men particularly value physically attractive

women. They are also interested in their relational and appearance qualities may be because of

the traditional role of women in social representation and social mediation. To a lesser extent,

women also value physical appearance and some particular qualities of security and protection

such as high height or strength5. However women are particularly interested in a high social and

professional status. The desired qualities also depend on social background: wealthy women

value education and high social status whereas more modest women are more interested in

social and professional stability and physical strength. It particularly concerns young women

who marry early as marrying an older man allows them to get an earlier access to �nancial

independence.

Bozon and Héran point out two important factors which are mutually reinforcing and

which lead naturally to homogamy: preferences and environment. First, individuals prefer

partners with whom they share social traits such as religious beliefs, ethnicity and leisure

activities. For other traits such as economic success or physical attractiveness, they prefer

partners who are more successful or attractive relative to their gender than themselves.

However, the competition between individuals on the marriage market make them date with

partners who are approximately as successful or attractive as they are. Second, individuals

face di�erent opportunities for meeting and mating with other individuals. People have

di�erential exposure to potential marriage partners that arises from socioeconomic segregation

of schools, neighborhood, places of worship, leisure which tend to foster marriages that are

much more homogamous than would be expected on the basis of chance. If meeting places

have been diversi�ed with urbanization and development or leisure, sociability and leisure areas

are still socially segmented which increases chances to meet people of the same social background.

Homogamy is a persistent phenomenon which has even increased over the last �fty

years. Mare (2008) documents this increase in the US. He �rst shows that homogamy is

a self-reinforcing phenomenon as it is passed down from parents to children through two

channels: �rst, homogamous parents seem to transmit homogamous values to their children

with education, second they raise their children in a more homogenous background increasing

their chances to meet homogenous partners. Thus, inter-generational transmission may be a

cause of the increase in educational resemblance of spouses. Second, Mare highlights the e�ect

of the timing of graduation and of marriage on assortative mating and remarks that both the

5A large part of evolutionary literature, inspired by the Darwinist theory predicts that men look for women
able to reproduce whereas women look for men able to reproduce and to protect them (Buss et al., 2000).
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median age at �rst marriage and the median age at leaving school have increased over these

last �fty years along with the educational homogamy trend. Indeed, there has been a strong

increase in the economic return to schooling in the last century (Autor, 2014) which has raised

the graduation age. When the schooling return is important, individuals have greater incentives

to pursue their education and to place more weight on the educational level of their prospective

marriage partner. This e�ect has been particularly strong for women who have been getting

more and more educated since 1950. Caucutt et al. (2002) show that delay in marriage and

fertility is due to increases in the number of years of education of women but it is also due to the

marriage matching market and to the return from experience on labor market. First, educated

women delay their marriage until they �nd the best prospect (which leads to a delay in their

fertility). Second, women delay fertility because the increase in return from experience gives

them incentives to work immediately and increase their future gains. Again, we would expect

that low educated level women marry earlier as they have more incentives to marry and get a so-

cial status that they could not obtain from their parents or that they could not get by themselves.

Individuals have several incentives to invest in human capital during their youth: they an-

ticipate better labor market earnings but also better marriage prospects due to increase in at-

tractiveness on the marriage market. Chiappori et al. (2011) show that women have a higher

education premium than men. Education raises returns from marriage by increasing four factors:

marriage probability, partner's education level, surplus of the match, and household resources'

share in the match. Indeed, the household is viewed as a two-person organization where each

partner has a say.

2.3 Family decision making: a collective choice

What is the decision process of a household which is not a single individual but a group of

several members with di�erent preferences and di�erent personal resources? How do they make

decisions on production, consumption, labor supply and education of children?

Di�erent assumptions can be made on the level of cooperation among household members

(Browning et al., 2014). Couples can be represented as cooperative (or collective), that is indi-

viduals tell each other the truth about their preferences and don't hide any information. In this

case, an optimal decision for the couple is made jointly. Conversely, couples can be represented

as non-cooperative (or strategic), in which case each member in the household maximizes

his/her own utility taking his partner's resources and actions as given. Non-cooperative couples

do not necessarily make optimal decisions. One strong support for cooperation within couples

is that each partner knows the preferences of the other and can observe their consumption

behavior and the two interact often and regularly so that we would expect that they would

�nd ways to exploit any possibilities to �nd the optimal solution. Nonetheless, the existence of

some phenomena such as domestic violence and child abuse, as well as the demand for marriage

counseling and family therapy, suggests that family behavior is sometimes ine�cient. The

support for non-cooperative theory is that partners can't make binding, costlessly enforceable

agreements since legal institutions do not provide for external enforcement of contracts regarding

7



consumption, labor supply and allocation of resources within marriage. Besides, e�ciency is

di�cult to maintain overtime. If household members cannot commit through a permanent

contract, changes in opportunities o�ered to each member will a�ect their bargaining power and

will lead to ine�ciency (Mazzocco and Yamaguchi, 2007). Experimental economics show that

non-cooperative behaviors of couples can indeed appear. For instance Cochard et al. (2009)

observe that women in couple are more opportunistic when they are married and have children.

Del Boca and Flinn (2012) estimate a model that allows for cooperative and non-cooperative

decision making in the household. Based on PSID data, they found that about one-fourth of

American couples behave in a non-cooperative way.

Another element to consider in the within-household decision process is the bargaining power

of each individual. It has been repeatedly proved that the redistribution of resources within the

household depends on the relative bargaining strength of each spouse (Chiappori, 1988, 1992).

Bargaining powers may depend on the relative income of each partner but may also depend on

external factors. Following the intuition of Becker, these factors could re�ect the situation in

the marriage market which could a�ect opportunities of spouses outside marriage and so the

intra-household balance. Chiappori et al. (2002) test this assumption and show that the sex

ratio (the relative supplies of males and females in the marriage market) and divorce legislation

in�uence the bargaining power of individuals. When there is a relative scarcity of women, the

distribution of gains from marriage is shifted in their favor. The same e�ect would be obtained

if divorce legislation was made more favorable to women. I show in the �rst two chapters of this

dissertation that physical attractiveness and family values of individuals can also in�uence the

distribution of resources.

To understand how resources are shared within the household, we need to uncover the de-

cision process between the two members. This is an important issue as the redistribution of

powers toward women could increase expenditure on children, and consequently increase their

educational achievement and ultimately the global growth. However, in addition to the fam-

ily background, the other main factor of children human capital accumulation is the existing

education system.

3 Evaluation of Education Systems

It is very important that governments invest in education and build e�cient education systems

for several reasons. First, a general increase in human capital leads to productivity growth and

innovation. Second, subsidized education is an important means along with taxation, towards

redistributing resources within the society and towards correcting for inequalities created

through families transmissions. All OECD countries provide a general comprehensive school

system, and education of children is free and compulsory in most of them for the 5-15 years old

(OECD, 2011). Since 2000, the PISA evaluations allow researchers to compare the skills of 15

year-old students of di�erent OECD countries in di�erent subjects such as reading, math and

science. These evaluations make possible the comparison of di�erent education systems to assess

their e�ciency. One remarkable result is that over all OECD countries, educational attainment

8



is strongly linked to family background: the "social gradient", that is the di�erence between

the expected performance of two individuals separated by a given amount of socio-economic

status, is signi�cant for all OECD countries. It is below the average of OECD countries for

Canada, Sweden and Finland, slightly above the average in France and substantially above

the average in the UK (OECD, 2004). Education systems seem to fail in providing the same

learning opportunities to all children.

Some public policies have been implemented to help disadvantaged students such as vouchers

to help poor students to attend better schools located in a wealthier neighborhood. Other

programs give additional resources to schools located in particularly poor areas to incitate them

to form smaller class sizes and provide more teaching hours. The use of the grade retention

practice (which allows the student to repeat a year of schooling if he had not acquired enough

knowledge during the current year) tries also to give more chances to students with di�culties.

Other public policies may have helped to reduce the social gradient such as pre-school provision

for 3 year-old children or a late sorting of students between general and vocational tracks.

All these reforms are costly and we need to know if they are e�cient. However, evaluation

of education practice is di�cult as the individual latent ability is unobserved. The identi�-

cation of the e�ect of an education reform requires either a natural experiment or good data

and advanced econometric tools. Public policy evaluation is a growing body of Economics and

econometricians have been developing powerful identi�cation strategy to evaluate treatment ef-

fects (Heckman and Vytlacil, 2005). I present in the last chapter of this dissertation a structural

evaluation of the grade retention practice.

9
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Chapter 1

Marriage gains : who should you marry

?

Abstract

This paper proposes a general equilibrium approach to examine the marriage market and

within household transfers. Using observations on who matches with whom, I derive information

on how e�ciently the market functions and on agent's preferences in terms of mate choice. I

use a multidimensional search and matching model which allows people to choose their partner

according to their education level, their wage and their physical attractiveness. I �rst estimate a

gender dependent unidimensional marriage index then I implement a multidimensional matching

model to allow for complementarities in characteristics of partners. In both speci�cations, I �nd

that wages are more important in men's attractiveness than in women's attractiveness whereas

physical characteristics and education are more important for women. Some disparities exist

across age groups. The weight of wage increases over the lifetime whereas the weights of education

and physical attractiveness decrease. Besides, I �nd that the marriage market is more e�cient

for young individuals who are more selective. Finally, I compute the marriage gain and the

within-household transfers and show that men get in average 56% of the surplus. I also look

at the e�ects of taxation on matching patterns. I compare individual and joint taxation of the

household gain and show that joint taxation slightly improves women's share of the surplus

through less sorting on characteristics on the marriage market.
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1 Introduction

How individuals sort themselves into marriage has important implications for the distributions

of income, labor supply, and fertility (Becker, 1973). First, positive assortative mating in the

marriage market contributes to income inequality across households (Greenwood et al., 2014).

Second, within household inequalities also depend on the state of the marriage market. It is now

well known that the household members don't share their income equally but bargain over it.

Factors conditioning the process of match formation such as sex ratios or rules about divorces

implicitly determine the outside option of each household member and in�uence the sharing

rule (Chiappori et al., 2002).

The simple analysis of spousal correlation for di�erent characteristics is insu�cient to

understand agent's preferences in mate choice. Observable association of spousal traits also

results from the distribution of characteristics in the population, from the frequency of contacts

among singles and from the frequency of couples separations. A structural investigation is

needed to better understand who matches with whom.

This paper proposes a multidimensional search and matching model of marriage. It is a

search model where agents are ex-ante heterogenous, with each represented by a marriage index

as in Wong (2003). When matched, the individuals produce together a good they can consume.

This good may come from economies of scale (sharing the rent, the electricity, increasing

returns to scale in cleaning, meal preparation)1. I assume that the production of this good

depends on the observable characteristics of the partners and on an unobservable match speci�c

component. This marriage gain is not speci�ed a priori but is estimated non-parametrically

using the estimation strategy of Jacquemet and Robin (2013). Single individuals meet randomly

and decide whether they marry. They evaluate the match anticipating what will be the surplus

generated by the match and how it will be split. Individuals bargain a la Nash2 to choose an

optimal sharing rule. Either the surplus is high enough and both want to match, or it is not and

both prefer to stay single. Identi�cation of matching patterns is obtained with the steady-state

assumption of search models as in Shimer and Smith (2000). Assuming that the market is at

the equilibrium in the data, matching patterns are recovered from observed joint distributions

of characteristics among couples and among singles3.

This paper adds two important contributions to the existing search models on the marriage

market. The �rst one is the endogenisation of the separation. When people are matched, some

shocks can hit the unobserved characteristics and lower the value of the match. In that case, the

match breaks up. Only couples with high enough complementarities in observed characteristics

will last. This new setting allows me to identify meetings and separations frequencies. Using

the panel structure of the PSID, I observe partnership duration and singlehood duration and I

1Many studies have attempted to estimate the additional revenue generated by living in couples
(Browning et al., 2013; Couprie, 2007)

2Nash-Bargaining within household is a particular case of collective models: it gives Pareto e�cient outcomes.
It is a simple way to include the outside option in the bargaining process. See Manser and Brown (1980),
McElroy and Horney (1981) and McElroy (1990) for deeper discussion on Nash-Bargaining.

3Similar strategies are used in models with perfect information as in Choo and Siow (2006), Chiappori et al.
(2011b) and Galichon and Salanié (2011)
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can identify meeting parameters and quality shock parameters.

The second contribution of this paper is to allow people to match on several continuous

characteristics. Heterogeneity of individuals varies in an in�nite number of dimensions which can

be important in couples formation. One of the most important observable dimension of hetero-

geneity on the marriage market is education or the social group (Mare, 2008; Bozon and Héran,

1991). Wages and physical attractiveness are other important dimensions.

First, I build a marriageability index composed of wages, education and physical character-

istics. Wong (2003) and Chiappori et al. (2012a) also build such indexes and shed light on some

complementarities of characteristics. Chiappori et al. (2012a) show that a substitution exists

between physical characteristics and productivity characteristics for men whereas it doesn't exist

for women. A poor handsome man can be as attractive as a rich non good looking man whereas a

woman can't compensate a disadvantage look with higher education. Studies of Chiappori et al.

(2011a) and Wong (2003) show there exist di�erences between races. Afro-Americans don't

have the same preferences than white Americans. However, Chiappori et al. (2012a) do not

consider a frictional general equilibrium setting and identify their index on existing couples

whereas Wong (2003) identi�es her index by specifying the match surplus as the product of

partner's indexes. In this paper, the surplus is estimated non-parametrically and can be any

functional of the indexes of the partners. I allow the index to be gender dependent and estimate

it on di�erent age groups. Second, I extend the setting to true multidimensional matching

where an agent type is a vector of several characteristics and not a unidimensional index.

Only a few papers consider multidimensional matching. Some papers consider matching on

two characteristics, one of which is a binary characteristic (Chiappori et al., 2010), but only

the recent work of Dupuy and Galichon uncovers matching preferences over many di�erent

continuous characteristics. They recovered traits or characteristics that are very attractive

in marriage (Dupuy and Galichon). To my knowledge, this paper is the �rst which consider

two-sided multidimensional matching in a search setting.

The model provides several results. First, I �nd that wages account for 30% of men's

attractiveness and 20% of women's attractiveness whereas physical characteristics account

for 30% for men and 35% for women4. Education accounts then for 40% for men and 45%

for women. Some disparities exist across age groups. The weight of wage increases over the

lifetime whereas the weights of education and physical attractiveness decrease. Besides, I

recover the positive assortative mating result. Without imposing any a priori assumptions on

the marriage gain, I show that it is supermodular in indexes. People want to marry with the

highest index partner which leads at the equilibrium to a high correlation of indexes within

couples. Second, the multidimensional matching model presents the form of the marriage gain

with respect to characteristics. Men seem to prefer very thin women whereas women prefer

heavy men. The more far away men and women are from 'ideal' physical norms, the less they

will select their partner on that criterion. Considering wages, high-wage men and women want

to match with high-wage partners whereas low-wage women and low-wage men seem to care

much less. Third, I look at the e�ciency of marriage markets. Selectivity in mating increases

4Chiappori et al. (2010) and Dupuy and Galichon also show that physical attractiveness was an important
dimension for women attractiveness.
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with the rate of contacts among singles and decreases with the rate of couple separations.

E�ciency is then a function of the ratio of these two rates. Even if these both rates are higher

for the young, I �nd that the marriage market of the young is more e�cient than the one

of the oldest individuals. Young individuals (below 35 years old) are more selective. Fourth,

I identify the within-household transfers and show that men get around 56% of the marriage gain.

Finally, I implement a taxation setting of the household good. For redistributive motives

(vertically across households or horizontally between singles and couples), a social planner may

want to tax or subsidize the good produced by couples. However, taxation can impact matching

pattern. As welfare reforms have an impact on the sharing rule (Chiappori et al., 2002), family

policies may in�uence marital sorting through divorce and couples formation (Francesconi et al.,

2009; Bitler et al., 2004). I compare matching equilibria obtained with individual and joint

taxation of the household and I show that joint taxation slightly improves women's share of the

surplus through less sorting on characteristics on the marriage market.

The model is described in section 2 and the data in section 3. Section 4 presents the estimation

strategy and section 5 the results. Equilibrium conditions and simulations are computed in

section 8. Section 6 concludes.

2 Model

2.1 The marriage market

I consider a marriage market with Lm males and Lf females that are likely to match. In this

paper, a match is a two-person household (married or cohabiting). The number of married

couples is denoted by N and the respective numbers of single males and single females are

Um = Lm −N and Uf = Lf −N . I assume that only singles search for a partner ruling out �on-

the-marriage search�. I denote λ the instantaneous probability of a meeting between a random

single woman and a random single man. Then λm = λUf and λf = λUm are the respective

instantaneous probabilities of an agent among the population m and f of meeting a new person

of the populations f and m.

2.2 Individual types

Individuals di�er in a �xed set i of K exogenous characteristics that contains their gender and

other continuous characteristics. In the case of couples, I will use i ∈ RK for husband's type and

j ∈ RK for wife's type. Let U(i) and L(i) denote the distributions of i in the population of singles

and in the whole population, respectively. Let also Um(i) and Uf (j) denote the distributions of

the types for male and female singles separately. I similarly de�ne distribution functions Lm(i)

and Lf (j) for the whole populations of men and women. Lastly, let N(i, j) be the distribution

of matches with a male of type i and a female of type j. I also use lower-case notations, such as

u(i) or um(i) or n(i, j) to denote corresponding densities with respect to some adequate measure

that is not necessarily the Lebesgue measure, but that we still simply denote as di or dj . Hence,
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lm(i) =
∫
n(i, j)dj + um(i), meaning that the number of males of type i in the economy is equal

to the number of all married males and all single males of this type.

2.3 Marriage contracts

When they are single, individuals get zero instantaneous utility. However, when a match is

formed, the two members get a positive utility from the consumption of a good Q that they

produce together. I assume as in the Jacquemet-Robin model, that the good created depends on

the observable characteristics of the partners and on a match speci�c component z : Qij(z) =

C(i, j) + z. The match speci�c component z is drawn from some distribution G at the time

of the �rst meeting and is infrequently updated with new draws z′ from the same distribution

G at random times following a Poisson process with parameter λz. The gain is then shared

between the two members of the couple, the man gets ti|j(z) and the woman gets tj|i(z) such

that ti|j(z) + tj|i(z) = Qij(z). When a new z is drawn, the value of being in couple is modi�ed,

and the partners bargain again over the new surplus. The couple can separate if they do not

agree on a new sharing rule. Then the present value of a man of type i married with a woman

of type j and a match speci�c component z is :

(r + λz)Wi|j(z) = ti|j(z) + λz

∫
z′
max(Wi|j(z

′), V 0
i )dG(z

′), (1)

where r is the discount rate and the second term of the right-hand side is the option value of

divorce or match continuation after a shock to the match speci�c component. The present value

of a single man of type i, V 0
i is

rV 0
i = λ

∫∫
max(Wi|j(z)− V 0

i , 0)Uf (j)djdG(z). (2)

that is then the sum of the instantaneous utility of being single (which is nil) plus his expected

surplus from a match.

2.4 Surplus, Nash bargaining and transfers

When a match forms, the two members start to bargain on the repartition of the gain Qij(z)

that has been created by the match. I model the decision process with a Nash bargaining where

the threat point is to stay single. The respective threat points are then the respective outside

options of the man and the woman and so their present value as singles. I denote β and (1− β)

the respective bargaining power of the man and the woman. Then the Nash bargaining of the

household is the maximization of the following program :

max
ti,tj

(Wi|j(z)− V 0
i )

β(Wj|i(z)− V 0
j )

1−β

s.c ti + tj = Qij(z) = C(i, j) + z.

Wi|j(z) − V 0
i is the surplus of the man and Wj|i(z) − V 0

j is the surplus of the woman. This

model has the important property of transferable utility models: both surplus are simultaneously
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positive or negative. Either the match generates enough surplus to make both people want to

marry or it doesn't and they both refuse to marry. The maximization of this program with

respect to ti leads to the following equality :

Wi|j(z)− V 0
i

β
=
Wj|i(z)− V 0

j

1− β
.

Denoting total surplus S(i, j, z) such that S(i, j, z) = (Wi|j(z)− V 0
i ) + (Wj|i(z)− V 0

j ), we have

Wi|j(z)− V 0
i = βS(i, j, z) (3)

Wj|i(z)− V 0
j = (1− β)S(i, j, z).

The two individuals i and j decide to marry if and only if they both obtain a positive surplus

from the match, that is if S(i, j, z) > 0. Then using equation 2, we can derive the following

expressions for the total surplus

(r + λz)S(i, j, z) = C(i, j) + z − rV 0
i − rV 0

j + λz

∫
z′
max(S(i, j, z′), 0)dG(z′),

and the transfers

ti|j(z) = rV 0
i + β

[
(r + λz)S(i, j, z)− λz

∫
z′
max(S(i, j, z′), 0)dG(z′)

]
(4)

tj|i(z) = rV 0
j + (1− β)

[
(r + λz)S(i, j, z)− λz

∫
z′
max(S(i, j, z′), 0)dG(z′)

]
.

The total surplus is the di�erence between the total expected gain of the match and the individual

single present value. The remarkable fact of this expression is the linearity of the surplus in z.

We will use the notation s(i, j) such that

(r + λz)S(i, j, z) = s(i, j) + z.

Linearity in z allows us to link the total surplus of the couple to the match probability. When two

individuals of each population meet, they decide to match if and only if the surplus is positive.

Then the matching probability between a man of type i and a woman of type j when they meet

can be computed with

a(i, j) = P {s(i, j) + z > 0|i, j} (5)

= 1− P {z ≤ −s(i, j)|i, j}
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2.5 Equilibrium

The characterization of the equilibrium allows us to close the model. To solve for a market

equilibrium, I suppose there is no entry of new singles5, but the partnerships of type (i, j) are

destroyed at rate λz(1−a(i, j)) whereupon both return to the single market. At the equilibrium,

there is equality between in�ows and out�ows for each type of marriage. Then we have for all

couples of type (i, j), the equality between the number of out�ows and the number of in�ows:

λz(1− a(i, j))N(i, j) = λUm(i)Uf (j)a(i, j), (6)

The match probability a(i, j) can be then computed using data after having estimated the pa-

rameters λ and λz. Using the equation (5) and choosing a speci�cation for G(z) the distribution

function of z, I can derive the marriage surplus trough the following simple relation

s(i, j) = −G−1(1− a(i, j)).

The whole model is then identi�ed and can be estimated on data.

3 Data

3.1 The sample

I estimate the model using the PSID survey where I follow individual marriage history from

1977 to 2011 using the family and individual samples. I merge the individual �le with the

marriage history �le. I only keep households composed of heterosexual couples and single member

households who are between 22 and 64 and present in 19996. I drop all observations with missing

information on their wage, their height, their weight and their education level. When married,

both spouses have to work and declare their wage. I trim the 1% top and bottom of all these

variables. The wage is the hourly wage rate in dollars, the education level is the number of year

of education, and the BMI is the weight (in kilograms) divided by the square of the height (in

meters). The maximal length of observation is 34 years from 1977 to 2011. The �nal sample is

composed of more than 8000 individuals that I follow at least 2 years between 1999 and 2011. I

observe about 1500 couple separations and 700 couple formations7.

3.2 Data description

Table 1 presents some descriptive statistics and shows that men and women in couple are in

average more educated and have higher wages than singles. However, whereas married men are

fatter than single men, married women are in average thinner than single women.

5Burdett and Coles (1999) review the di�erent cases that have been considered in the literature considering
how new singles enter the market overtime.

6The anthropometric information is not available before 1999.
7In appendix, table 8 presents sample size, singles'rate and sex ratio.
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Table 1: Summary statistics

Education Wage rate BMI Age

Married men 13.26 19.59 27.34 41.81
(2.54) (13.00) (4.00) (9.88)

Married women 13.27 13.97 25.26 39.71
(2.42) (8.85) (5.03) (9.50)

Single men 13.03 14.67 25.06 38.35
(2.50) (9.60) (5.13) (10.59)

Single women 12.71 12.20 27.31 39.22
(2.30) (8.25) (5.90) (10.92)

Standard deviations are in brackets

Table 2 presents correlations of certain characteristics within couples. Age correlation is very

high, around 0.9 for the whole sample. Spouse education correlation is also very high (around

0.6) whereas wage correlation and BMI correlation are also important but much lower. Education

correlation is constant across age groups whereas wage correlation decreases with age (this may

due to a specialization e�ect within couples. Women spend more time at home raising children

at the expense of their career and their wage.) and BMI correlation increases with age (this may

be due to the fact that they live together and have the same habits (Averett et al., 2008)).

Table 2: Spousal Correlations

Age range Education Wage Bmi Age Number of couples

22-35 0.59 0.35 0.13 0.75 947
All 0.56 0.28 0.20 0.90 3480

Table 3 presents the complete duration spells of singlehood and marriage we observe in data.

We observe 45% of complete durations of men singlehood and 33% of women singlehood. We

observe only 16% of complete marriage durations which last a little bit longer (17 years in average

whereas men singlehood last around 13 years and women singlehood last 14 years).

Table 3: Complete Duration Spells

Number Share Average Std. Dev.

Men singlehood 296 45.2 % 12.89 7.82
Single women 367 32.8 % 14.13 7.79
Marriage duration 571 16.4 % 17.30 8.26

Figure 2 represents the distribution of wages, education and BMI conditional on marital status.

We notice that what was observed for the means on table 1 holds for the whole distributions.

Married people are more educated and have higher wages. Married women are the thinnest

whereas married men are the fattest.
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Figure 1: Densities by sex and marital status. PSID 1999
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4 Estimation strategy

4.1 Agent's type

An index of several characteristics

I construct a marriageability index as a combination of di�erent characteristics as in Wong (2003).

I consider three di�erent dimensions. Two account for the socioeconomic status of the individual

and are the education level (denoted e) and the wage rate (denoted w) and one accounts for the

physical attractiveness and is the opposite of the Body Mass Index (BMI) (denoted b = −BMI)8.

For each gender, I standardize these three variables to adjust their mean to 15 and their variance

to 3. These three standardized variables (still noted w, e, and b for convenience) will then be

combined in a marriageability index. I allow this index to be gender dependent with di�erent

vector of weights for each variable : αm is the vector of weights for men and αf is the vector of

weights for women. The indexes have the following expression :

8Chiappori et al. (2012a) also use the BMI as a proxy for physical attractiveness and found that physical
attractiveness decreases unambiguously with the BMI.
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Im = αm1w + αm2e+ (1− αm1 − αm2)b

If = αf1w + αf2e+ (1− αf1 − αf2)b.

A truly multidimensional type

If we want to relax the assumption that agents are ranked the same way by all men and by all

women and �nd some complementarities in characteristics of the partners, we have to consider

truly multidimensional types. The type is then a vector of several characteristics. To keep the

model tractable and easily estimable, I will only consider a bi-dimensional type using the wage

and the BMI. Then the type i of an agent would be i = (w, b).

4.2 Estimation by an exponential duration model

As in Wong (2003), I use maximum likelihood estimation to identify the matching parameters

and the weights of the indexes. Identi�cation of all parameters requires knowledge of couples'

characteristics and individuals' marriage history. Agents can be single or married at the �rst

interview in 1999. Information on the duration of singlehood or marriage is obtained by

following single agents after the �rst interview and using information on previous marital history

available in the survey. When singles match, I observe the characteristic of their new partner

and I follow the subsequent duration of the match.

I denote T0b (T0f ) the elapsed (residual) duration of singlehood for the single people at the time

of the interview. Therefore, the duration of singlehood is T0 = T0b + T0f . I denote C0b and C0f

the corresponding censoring indicators.

Let's consider a man of type i who is single at �rst interview. T0b and T0b are supposed to

be i.i.d. and have an exponential distribution with parameter λ
∫
j a(i, j)Uf (j)dj, that is the

probability to �nd a woman with whom the match will be formed. Then for an agent of type

i, the individual contribution of singlehood duration until and including the time of exit into

marriage or censoring is

L0a
i =

(
λ

∫
j
a(i, j)Uf (j)dj

)1−C0b+1−C0f

e
−
(
λ
∫
j a(i,j)Uf (j)dj

)
(T0b+T0f ),

where T0b > 0 and T0f > 0. Events occurring after exit from being singlehood are independent

of the events up to exit. Therefore, their probability is independent of the likelihood of being

singlehood. The two events immediately following type i's singlehood duration are �rst the

realization of whom to match with and second the subsequent duration of the match. The �rst

is given by the density of accepted type and the second by the density of the duration with

or without censoring. I denote T01 > 0 the residual duration of marriage for the single man

who meets and matches with a woman. If this duration is right censored, I let C01f = 1. The

subsequent contribution to the loglikelihood of the single man of type i who matches with a

woman of type j for a certain period is then
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L0b
ij = uf (j)(λz(1− a(i, j)))1−C01f e−λz(1−a(i,j))T01 ,

Then the contribution to the likelihood of this single man of type i is the product of the two

previous likelihood :

L0
ij = L0a

i (L0b
ij )

1−C0f .

I build a similar loglikelihood for each woman who single at the time of the �rst interview.

Let (T1b, T1f , C1f , C1f ) be similar notations for marriage durations. The contribution to the

loglikelihood of a man of type i married with a woman of type j who separate after a certain

period is then

L1
ij = (λz(1− a(i, j)))1−C1b+1−C1f e−λz(1−a(i,j))(T1b+T1f ).

The loglikelihood of the model is then equal to the product of the contribution of each couple

and each single individual.

To build the likelihood, two operations must be performed �rst. I need to build the indexes i

and j using vectors of weights αm and αf then I compute the match probability function using

the parameters λz, λ and the steady-state �ow restriction 6.

a(i, j) =
N(i, j)

λ
λz
Um(i)Uf (j) +N(i, j)

.

The structural parameters to be estimated are (αm, αf , λ, λz).

5 Estimation results

5.1 Parameter estimation

Table 4 presents the estimates of the parameters for the unidimensional index model. Wages

account for 30% of men's attractiveness and 20% of women's whereas education accounts for

40% for men and 45% for women. Then physical attractiveness accounts for 30% for men and

35% for women. I then estimate the model on a subgroup composed of the youngest individuals.

As men are generally married with women younger by one year or two, I select 22-35 year old

women and 23-36 year old men to maximize the number of couples falling in the age group.

Some disparities exist across age groups. The weight of wages increases over the lifetime

whereas the weights of education and physical attractiveness decrease. For each age group, the

weight of wage is more important in men attractiveness than in women attractiveness. I also

estimate the models with constraints. I estimate two two-component models: one using wage

and education and the other using wage and the BMI. I also estimate three one-component

models on wage, education and BMI. Results are presented in appendix on tables 9, 10,11, 12

and 13. Loglikelihood tests reject these constrained models. Each variable is important in one's

attractiveness.
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Table 4 and table 5 present estimates of the meeting and separation parameters λ and λz for

the index model and for the multidimensional model. λ and λz are structural parameters which

re�ect the marriage market e�ciency. The marriage market is more e�cient with a high λ (high

rate of contact) and a low λz (higher length of marriage). A measure of the market e�ciency

could be the ratio λ
r+λz

which measures the relative speed of o�ers and can be a measure of

the inverse of search frictions. The higher this ratio, the better the marriage market works. A

high λ means that individuals will be selective as they will �nd quickly their best match. A

low λz also incites individuals to be selective as the match won't break up quickly. For both

the multidimensional model and the three-components index model, we observe a decrease in

λz over age which re�ects the fact that couples last longer among older individuals. We also

observe for both models a decrease of λ over age which shows that the rate of contacts decreases

with age. The market is then more �exible for young individuals. The resulting ratio λ
r+λz

is

also decreasing with age (with r around 5%) meaning the marriage market is more e�cient for

young individuals. They can be more selective than older individuals. The parameters of quality

shocks and meeting give an average duration of singlehood of 7.6 years for single men and 14.5

years for single women and a average duration of couples of 38.5 years.

Table 4: Estimates from the three-component index

Age range∗ αm1 αm2 αf1 αf2 λ λz logL

22-35 0.10 0.50 0.00 0.66 0.0078 0.0580 -9758
(0.01) (0.01) (0.94) (0.03) (0.0010) (0.0001)

All 0.30 0.38 0.21 0.45 0.0035 0.0270 -25963
(0.16) (0.16) (0.09) (0.33) (0.0077) (0.0040)

∗Age range of women (age range of men is shifted by 1 additional year and is 23-36).

Table 5: Estimates from the bi-dimensional model (no index)

Age range∗ λ λz

22-35 0.0043 0.0541
(0.0014) (0.0017)

All 0.00291 0.0251
(0.0005) (0.0005)

∗Age range of women (age range of men is shifted by 1 additional year).

5.2 Match probability, match gain and transfers

Three-component index model

Using the estimated weights, I compute the marriageability index for each individual and I

represent on �gure 2 its distribution in the population by sex and marital status (left) and its

joint distribution among couples (right). We notice that men have higher index than women and

that married men and women have higher indexes than singles. Finally, we can remark that the

joint density of indexes is higher on the diagonal. Index correlation within couples is high.
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Figure 2: Index density distributions
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Figure 3 represents the marriage probability between individuals when they meet. The left panel

is a 3D plot whereas the right panel represents the level curves. The woman index is on the

x-axis and the man index is on the y-axis. We observe a strong positive assortative matching

in the index for high indexes (>15). The higher the index9 the higher the probability to match

with a high index partner. It is less clear for low indexes. The probability that a man with an

index of 18 matches with a woman of index 18 when he meets her is 0.16 whereas the probability

that he marries a woman of index 12 when he meets her is less than 0.02.

Figure 3: Marriage probability
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Figure 4 represents the marriage gain between two matched individuals10. We see that the gain

is strictly supermodular with respect to the indexes for high indexes. For low indexes, it is also

less clear.

9Remember that the index increases with wage, education and decreases with BMI.
10I compute C(i, j)

z>−sij
which can be negative as what only matters is C(i, j) + z.
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Figure 4: Marriage gain
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Figure 5 represents the share of the gain that the man receives ( ti
ti+tj

). In general, the man

gets an higher share of the surplus than the woman, his share is between 0.4 and 0.8. His share

decreases with his partner's index and increases with his own index. The average share of men

is equal to 56% of the total marriage gain.

Figure 5: Sharing rule
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Multidimensional model

In this section, I present the results obtain with the multidimensional model. Figure 6 and 7

represent the marriage probability between two matched individuals. I represent these 4 variable

functions on 3D graphs. Figure 6 shows the expected marriage probability when two singles meet

conditional on their BMI whereas Figure 7 shows their expected marriage probability conditional

on their wages. The match probability is higher for women with a low BMI (around 20) with men

with average BMI (around 26). High-BMI women have very few chances to marry. We remark

that when men and women have high BMI, the marriage probability depends less on the BMI

of their partners (similar pattern is observed for the marriage gain on �gure 10 in appendix). It

works as if people with "ideal" physical norms have greater interest in �nding the ideal partners

with respect to physical attractiveness than the others.

Considering wages, positive assortative matching is still observed for high wages where the higher
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the better. High-wage men and women look for high-wage partners (similar patterns are observed

for the marriage gain represented on �gure 11 in appendix). However, low-wage partners seem

not to have interest in discriminating on wages.

Figure 6: Marriage probability conditional on BMI
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Figure 7: Marriage probability conditional on wages
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Figure 8 represents the share of the gain that the man receives. His share increases with her

partner's Body Mass Index whereas his own Body Mass Index has a low impact on his share.

His share also slightly decreases with the wage of his partner.
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Figure 8: Sharing rule
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The previous graphs show the shape of the marriage gain with respect to two out of the

four characteristics : wi, wj , bmii, bmij . It would be interesting to better understand the

contribution of each variable to the marriage gain and their interaction. To this end, I perform

a nonparametric regression of the marriage gain using Generalized Additive Models (GAMs).

I present in table 4 the generalized R2 obtained for di�erent speci�cations of the interactions

of variables (I put a note on GAM in appendix). There exist complementarities between

characteristics of the partners. The marriage gain is not a simple sum of the contributions

of each partner. Table 4 shows that this sum would only reach 77% of the total variation.

We remark that partner's wages plus their interaction account for 23.6% of the variance

whereas the sum of each wage contribution would account for only 18.9%. Similarly, the

interaction between partners' BMI accounts for 62.5% whereas the sum of their individual

contribution is only 58.3%. There is also some interaction between the male wage and the

woman BMI. Both variables plus their interaction explain 59% of the marriage gain, whereas

without interaction, both variables would explain 55.7% of the marriage gain. However, there is

apparently no interaction between the male BMI and his wage and no interaction between the

female wage and the male BMI (including some interaction doesn't add more explanation power).

Characteristics of the women explain by themselves 53.5% of the variation whereas characteristics

of the man explain 25.5 %. Besides, the physical attractiveness of the women by itself explains

44% of the variation of the marriage gain whereas the BMI of men only explains 14%.
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Table 6: Comparisons of di�erent models

Variables Generalized R2

(wm) 11.4 %
(bmim) 14.0 %
(wf ) 7.5 %
(bmif ) 44.3 %
(wm, bmim) 25.5 %
(wf , bmif ) 53.5 %
(wm, wf ) 23.6 %
(bmim, bmif ) 62.5 %
(wm, bmif ) 59.0 %
(wf , bmim) 21.3 %
(wm, wf , bmim, bmif ) 92.3 %

6 Simulation of equilibrium

6.1 Equilibrium distribution of characteristics

In this section, I compute the equilibrium distribution of characteristics and match probabilities

from the previous non-parametric estimates of the structural parameters, namely, the comple-

mentarities in characteristics C(i, j) and the preference parameters. Let n(i) denote the density

of married men of type i then n(i) =
∫
n(i, j)dj. Besides, remember that

n(i, j) =
λUm(i)Uf (j)a(i, j)

Nλz(1− a(i, j))
,

then we obtain the following equation for the distribution of type i among single men

Um(i) =
Lm(i)

1 + λ
λz

∫
j
a(i,j)Uf (j)
1−a(i,j) dj

.

Similarly, we obtain the expression for density of single women. Now, we will compute the

equilibrium expression of the present value of single men and single women. We obtain the

following Bellman equation for a single individual using equation (1).

rV 0
i = λ

∫∫
max(Wi|j(z)− V 0

i , 0)djdG(z)

=
λβ

r + λz

∫∫
max(s(i, j) + z, 0)Uf (j)djdG(z)

=
βλ

r + λz

∫ (∫
max(s(i, j) + z, 0)dG(z)

)
dUf (j).
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We �rst compute the inside integral on z :∫
z
max(s(i, j) + z, 0)dG(z) = s(i, j)a(i, j) +

∫ +∞

−s(i,j)
zdG(z)

= s(i, j)a(i, j) + σ

∫ +∞

− s(i,j)
σ

vdΦ(z)

= s(i, j)a(i, j) + σϕ

(
s(i, j)

σ

)
= µ(a(i, j)),

with Φ the Gaussian standard distribution function and ϕ its associate density. We obtain the

following formula for the present value of a single man of type i and a woman of type j

rV 0
i =

βλ

r + λz

∫
µ(a(i, j))dUf (j)

rV 0
j =

(1− β)λ

r + λz

∫
µ(a(i, j))dUm(i).

An equilibrium is a �xed point of (um, uf , V
0
i , V

0
j ) of the following system of equations

um(i) =
Lm(i)

Um + λ
λz
Um

∫ a(i,j)Uf (j)
1−a(i,j) dj

uf (j) =
Lf (j)

Uf + λ
λz
Uf

∫ a(i,j)Um(i)
1−a(i,j) di

rV 0
i =

βλ

r + λz

∫
µ(a(i, j))dUf (j)

rV 0
j =

(1− β)λ

r + λz

∫
µ(a(i, j))dUm(i),

where a(i, j) solves the following �xed point equation :

a(i, j) = 1−G

(
−C(i, j) + rV 0

i + rV 0
j − λz

r + λz
µ(a(i, j))

)
.

The �rst two equations determine equilibrium type distributions for singles and the last two

equations determine equilibrium present values of singlehood. Then we can verify that we can go

backward, that is, calculate the equilibrium index distributions and match probabilities from the

previous non-parametric estimates of the structural parameters, namely, the marriage externality

function C(i, j) and the preference parameters. Despite the lack of a global contraction mapping

property, I found that the standard �xed-point iteration algorithm, xn+1 = Txn worked well in

practice, even starting far from the equilibrium (like with V 0
i = 0 and um(i) = lm(i)).

To solve the whole model, I then need to choose the set of the following �xed parameters (r, β, σz).

As usual in search literature, I choose a bargaining power β equal to 0.5, assuming that men

and women in developed societies have the same potential decision power (independently of their
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outside option). I choose a variance of 1000 for the random variable z. This parameter actually

doesn't have any impact on the shape of the results11. Then I set the discount interest r at 5%

a year. The algorithm converges to the equilibrium observed in the data. Indeed, we obtain the

�xed point (um, uf , V
0
i , V

0
j ) which corresponds to the density and present value we observe in

the data. The �rst two lines of table 7 show the convergence of the simulated equilibrium toward

the empirical distributions.

6.2 Simulations of other equilibria

Taxation setting

For redistributive motives (vertically across households or horizontally between singles and cou-

ples), the social planner may want to tax the good produced by couples. As taxation can impact

match formation and change within-household transfers, it is interesting to look at the e�ect of

taxation on matching patterns. We could think of two types of taxation: taxation of the inputs

or taxation on the output if the social planner could identify it. A tax on the output is similar

to tax the transfer each member receives. We can �rst consider a �at tax τ on both transfers.

Then the individuals receive the transfers tτi = ti(1 − τ) and tτj = tj(1 − τ). We should then

expect that fewer marriages will form as the probability that a couple of type (i, j) matches is

now lower with12

a(i, j)τ = P

(
z > −C(i, j) +

rV 0
i + rV 0

j

1− τ
− λz
r + λz

∫
max(sij + z′, 0)dG(z′)

)
≤ a(i, j)0

We can also consider di�erent taxes on transfers for men and women. This could correspond to

di�erent valuations of resources for each gender. With a tax τi on a transfer of man of type i

and a tax τj on the transfer of a woman of type j, the probability that a couple of type (i, j)

matches is now

a(i, j)τi,τj = P

(
z > −C(i, j) + rV 0

i

1− τi
+

rV 0
j

1− τj
− λz
r + λz

∫
max(sij + z′, 0)dG(z′)

)
≤ a(i, j)0

Finally, we can also consider taxation on inputs, as these ones may be directly observable. Using

a progressive tax on the indexes of individuals, we can implement an individual taxation setting

or a joint taxation setting where the tax rate depends on the mean of the indexes of the two

partners. Then, we can simulate the matching equilibrium. The idea behind is as the inputs

have been modi�ed by the taxation, so is the produced good. Table 7 displays some features of

the new equilibria obtained under these di�erent scenarios. I consider the numbers of single men

and single women, the average men's share of the marriage gain and the total social surplus of

both singles and couples computed as follows13:

11Indeed, a(i, j) doesn't depend on σz. As s(i, j) is proportional to sz with s(i, j) = −σzΦ
−1(1− a(i, j)), rV 0

i

and rV 0
j are proportional to σz and so are ti|j , tj|i and C(i, j). Finally rWi|j and rWj|i are also proportional to

σz.
12I show the general demonstration in appendix.
13The last equation comes from equation 9 demonstrated in appendix.
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W =

∫∫
Wi|j(z) +Wj|i(z)

z>−s(i,j)
n(i, j)didj +

∫
V 0
j uf (j)dj +

∫
V 0
i um(i)di+ T

=

∫∫
(Wi|j(z)− V 0

i ) + (Wj|i(z)− V 0
j )n(i, j)didj +

∫
V 0
j lf (j)dj +

∫
V 0
i lm(i)di+ T

=

∫∫
Sij(z)(β(1− τi) + (1− β)(1− τj))n(i, j)didj +

∫
V 0
j lf (j)dj +

∫
V 0
i lm(i)di+ T,

where T is the total amount of taxes collected by the social planner and redistributed uniformly

across individuals (this transfer is not included in V 0
i and Wi|j)

14.

Numerical simulations

To get the results, I set a �at tax at 0.3 and a progressive tax on women transfers which depends

on her index. I consider two thresholds. The tax rate is zero for indexes below 12, then it

amounts at 0.80 and reaches 0.90 for indexes above 17. The progressive tax on inputs are sets at

zero below an index of 12, at 0.3 above 12 and below 17 and 0.5 above 17. The tax rate is based

on the individual's index for individual taxation and is based on the mean of the two indexes of

the partners for joint taxation.

Table 7: Simulation exercises

Um Uf Average man's share Social surplus

1999 data 655 1119 0.5603 5.23× 107

Simulated equilibrium 678 1064 0.5525 5.21× 107

Tax on transfers
Flat tax on transfers 777 1163 0.5440 4.44× 107

Progressive taxes on women's transfers 697 1082 0.5276 5.01× 107

Progressive taxes on men's transfers 706 1092 0.5757 4.96× 107

Tax on inputs
Individual progressive tax on inputs 735 1120 0.5528 4.49× 107

Joint progressive tax on inputs 764 1149 0.5490 4.32× 107

When you tax both transfers with a rate of 30%, about 3% of couples break up among the less

productive (with lower indexes). The distribution of single women moves slightly to the right

which improves a little bit their bargaining power within couples. The average share of men

decreases by 2.5%. The total social welfare decreases also. Less couples form so less household

good is created. When you tax only men or women transfers, the number of couples decreases also

a little bit for similar reasons. When women's transfers are taxed, many couples where transfer

is already low break up, the others stay together if she could increase her transfer. The average

marriage gain of men decreases by 4.5%. For similar reasons, the average gain of men increases

14Present values are linear in transfers. I assume there is no cost in collecting the tax.
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by 2.5% when men's transfers are taxed. When inputs are taxed, we also observe a decrease in

the number of couples as the marriage gain decreases if the inputs decrease. Individual taxation

decreases the output but doesn't change the bargaining terms of men and women, however joint

taxation improves the marriage gain of women. I represent on �gure 9 the ratio of the new joint

density of indexes among couples over the previous one. It shows that couples with very di�erent

indexes have doubled their probability to marry under joint taxation. This makes the bargaining

power of low index women increases and they get an higher share of the surplus.

Figure 9: Change in joint density of indexes among couples after joint progressive taxation on
inputs
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7 Conclusion

This paper proposes a multidimensional search and matching model of marriage which allows

people to choose their partner according to their education level, their wage and their physical

attractiveness. I �nd that wages account for 30% of men's attractiveness and 20% of women's

attractiveness whereas physical characteristics account for 30% for men and 35% for women.

Education accounts then for 40% for men and 45% for women. Considering e�ciency, I �nd

the marriage market of the young is more e�cient than the one of older individuals: young

individuals (below 35 years old) are more selective.

The setting allows me to identify the within-household transfers. Men get around 56% of the

marriage gain. Taxation of the marriage gain through taxation of skills or taxation of transfers

can modify the sharing rule. I compare matching equilibria obtained with individual and joint

taxation of the household and I show that joint taxation slightly improves women's share of the

surplus through less sorting on characteristics on the marriage market.

A natural extension of this model would be to allow individuals to work and consume goods.

The additional revenue they get through marriage would then in�uence their consumption and

labor supply. The ultimate goal of this type of model would be to evaluate the impact of a family

policy program on men and women consumption and labor supply taking into account marital

sorting and within-household transfers.
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1 Appendix

Table 8: Sample sizes

Age range∗ Sample size Single's share Men share

22-30 2687 30 % 47 %
All 8734 20 % 47 %
∗Age range of women (age range of men is shifted by 1 additional year).

1.1 two-components and one-component indexes

Table 9: Estimates from the wage matching model

Age range∗ λ λz logL

22-30 0.0035 0.061 -10037
(0.0016) (0.0039)

All 0.023 0.026 -26337
(0.0041) (0.00034)

∗Age range of women (age range of men is shifted by 1 additional year).

Table 10: Estimates from the education matching model

Age range∗ λ λz logL

22-30 0.05 0.058 -9950
(0.013) (0.0012)

All 0.010 0.026 -26355
(0.0029) (0.00093)

∗Age range of women (age range of men is shifted by 1 additional year).

Table 11: Estimates from the BMI matching model

Age range∗ λ λz logL

22-30 0.0015 0.073 -10088
(0.00020) (0.00030)

All 0.0019 0.028 -26618
(0.00023) (0.00036)

∗Age range of women (age range of men is shifted by 1 additional year).

Table 12: Estimates from the two-component index : wage-education

Age∗ αm αf λ λz logL

22-30 0.01 0 0.044 0.058 -9945
(0.00) (060) (0.036) (0.00079)

All 0.26 0.22 0.0039 0.027 -26312
(0.00) (0.00) (0.0074) (0.0075)

∗Age range of women (age range of men is shifted by 1 additional year).
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Table 13: Estimates from the two-component index : wage-BMI

Age∗ αm αf λ λz logL

22-30 0.45 0.45 0.0049 0.056 -9877
(0.00) (0.00) (0.00073) (0.0011)

All 0.50 0.48 0.0055 0.026 -26166
(0.011) (0.00) (0.019) (0.0043)

∗Age range of women (age range of men is shifted by 1 additional year).

1.2 Bidimensional model : Marriage gain

Figure 10: Marriage gain conditional on BMI
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Figure 11: Marriage gain conditional on wages
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1.3 Generalized Additive Models

This explanation has been developed in Chiappori et al. (2012b). Generalized additive models

(GAM) were introduced by Hastie and Tibshirani (1986). They model a variable yi by assuming

that its distribution around its mean belongs to the exponential family and by modeling the

mean as a sum of smooth functions of subvectors of the covariates (Xi). To estimate my GAM

models, I use the methods described by Wood (2006); I use his implementation in the mgcv
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package of R, which incorporates the improved algorithm of Wood (2008). More precisely, one

writes

E(yi|X) =

J∑
j=1

fj(X
j
i )

where each Xj
i is a user-de�ned subvector of Xi, and the fj are to be estimated; and the user

also chooses the distribution of the error term (yi−Eyi) within the exponential family. Modeling

starts by choosing a rich family of basis functions (typically splines) (bjk) for k = 1...Kj with a

maximal order Kj chosen large enough. Then

fj(X
j
i ) =

Kj∑
k=1

βjkbjk(X
j
i )

Finally, the generalized R2 cited in the text are de�ned as the ratio 1− EV(y|X)
V(y)

1.4 Modi�cation with taxation

When transfers are taxed, equation 2 becomes

(r + λz)Wi|j(z) = (1− τi)ti|j(z) + λz

∫
z′
max(Wi|j(z

′), V 0
i )dG(z

′), (7)

whereas we still have ti|j(z) + tj|i(z) = C(i, j) + z. Then the solution of the Nash bargaining

gives :

Wi|j(z)− V 0
i

β(1− τi)
=
Wj|i(z)− V 0

j

β(1− τj)
= S(i, j, z),

and then

Wi|j(z)− V 0
i = β(1− τi)S(i, j, z) (8)

Wj|i(z)− V 0
j = (1− β)(1− τj)S(i, j, z).

Substracting (r + λz)V
0
i in Equation 7 , we obtain

(r + λz)β(1− τi)S(i, j, z) = (1− τi)ti|j(z)− rV 0
i + λz

∫
z′
max(Wi|j(z

′)− V 0
i , 0)dG(z

′)

(r + λz)(1− β)(1− τj)S(i, j, z) = (1− τj)tj|i(z)− rV 0
j + λz

∫
z′
max(Wj|i(z

′)− V 0
j , 0)dG(z

′),

then dividing each equation by (1− τa), a = i, j and summing the two we obtain

(r + λz)S(i, j, z) = C(i, j) + z − rV 0
i

1− τi
−

rV 0
j

1− τj
+ λz

∫
z′
max(S(i, j, z′), 0)dG(z′).



Marriage gains : who should you marry ? 41

Moreover summing the two equations in 8 gives

Wi|j(z)− V 0
i +Wj|i(z)− V 0

j = (β(1− τi) + (1− β)(1− τj))S(i, j, z) (9)

1.5 Computational details

The computational method is the one used by Jacquemet and Robin (2013) and is adapted to �t

a 4D-dimensional model. All functions are discretized on a compact domain using Tchebychev

grids. For example, let [x, x] denote the support of male wages, I construct a grid of n+1 points

as

xj =
x+ x

2
+
x− x

2
cos(

jπ

n
), j = 1 . . . n

To estimate wage densities n(x, y), um(x) and uf (y) on those grids, I use kernel density estimators

with twice the usual bandwidth to smooth the density functions in the tails. Indeed, additional

smoothing is required to divide n(x, y) by um(x)uf (y) to calculate a(x, y). (In Matlab, I need

10−16 < a(i, j)).

The Clenshaw-Curtis quadrature

Many equations involve integrals. Given Tchebychev grids, it is natural to use Clenshaw-Curtis

quadrature to approximate these integrals. The Clenshaw-Curtis method allows to calculate

quadrature weights w′
k such that

∫ 1

−1
f(x)dx =

N∑
k=0

w′
kf(cos(θk)) +Rn,

with Rn, an approximation error. The quadrature weights are

w0 =
1

N

1 +

N
2∑

j=1

2

1− (2j)2

 wN
2
=

1

N

1 +

N
2∑

j=1

2(−1)j

1− (2j)2


wk =

2

N

1 +
(−1)k

1−N2
+

N
2
−1∑

j=1

2

1− (2j)2
cos

(
2jkπ

N

) ∀k = 1, ...,
N

2
− 1.

I use the method of Jorg Waldvogel (Waldvogel, 2006) who derives a simple algorithm to obtain

the weights of the Clenshaw-Curtis quadrature using matrices, Féjer'quadrature and Discrete

Fourier Transform.

Interpolation

The fact that CC quadrature relies on Tchebychev polynomials of the �rst kind also allows us

to interpolate functions very easily between points y0 = f(x0), . . . , yn = f(xn) using Discrete

Cosine Transform (DCT) such that

f(x) =

n∑
k=0

YkTk(x) (10)



42 Education and Family Economics - Chapter 1

where Yk are the OLS estimates of the regression of y = (y0, . . . , yn) on Tchebychev polynomials

Tk(x) = cos

(
k arccos

(
x− x+x

2
x−x
2

))
but are more e�ectively calculated using FFT. A MATLAB code for DCT is

Y = y([1:n+1 n:-1:2],:);

Y = real(fft(Y/2/n));

Y = [Y(1,:); Y(2:n,:)+Y(2*n:-1:n+2,:); Y(n+1,:)];

f = @(x) cos(acos((2*x-(xmin+xmax))/(xmax-xmin))*(0:n))*Y(1:n+1);

with y = (y0, . . . , yn). A bidimensional version is

Y = y([1:n+1 n:-1:2],:);

Y = real(fft(Y/2/n));

Y = [Y(1,:); Y(2:n,:)+Y(2*n:-1:n+2,:); Y(n+1,:)];

Y = Y(:,[1:n+1 n:-1:2]);

Y = real(fft(Y'/2/n));

Y = [Y(1,:); Y(2:n,:)+Y(2*n:-1:n+2,:); Y(n+1,:)]';

f=@(x,y) cos(acos((2*x-(xmin+xmax))/(xmax-xmin))*(0:n))*Y(1:n+1,1:n+1)...

*cos((0:n)'*acos((2*y'-(ymin+ymax))/(ymax-ymin)));

I also use a 4D dimensional version to evaluate transfers which depend on 4 variables :

wm, wf , fm, ff . The fact that the grid (x0, . . . , xn) is not uniform and is denser towards the

edges of the support interval allows to minimize the interpolation error and thus avoids the

standard problem of strong oscillations at the edges of the interpolation interval (Runge's phe-

nomenon). Another advantage of DCT is that, having calculated Y0, . . . , Yn, then polynomial

projections of y = (y0, . . . , yn) of any order p ≤ n are obtained by stopping the summation in

(22) at k = p. Finally, it is easy to approximate the derivative f ′ or the primitive
∫
f simply by

di�erentiating or integrating Chebyshev polynomials using

cos(k arccosx)′ =
k sin(k arccosx)

sin(arccosx)

and ∫
cos(k arccosx) = x if k = 0

= x2/2 if k = 1

=
cos((k + 1)x)

2(k + 1)
− cos((k − 1)x)

2(k − 1)
if k ≥ 1.

In calculating an approximation of the derivative, it is useful to smooth the function by summing

over only a few polynomials. Derivatives are otherwise badly calculated near the boundary.



Chapter 2

Marriage Market and Intra-Household

Allocation

Abstract

What is the impact of the marriage market on the labor supply of men and women ? Col-

lective models have proved that opportunities of spouses outside marriage can in�uence the

intra-household balance of power and ultimately the �nal allocation of resources. However these

models consider couples as given and can't predict the impact of welfare policies on the sharing

rule. In this paper, I model the intra-household allocation of resources jointly with the forma-

tion and separation of couples in a dynamic search and matching framework. Using the British

Household Panel Survey (BHPS), I estimate the matching preferences of individuals over di�er-

ent characteristics such as wages and family values. Taking domestic production into account,

I identify the within household transfers and show that they reduce labor supply of married

women by 2 hours a week and increase married men labor supply by 1 hour a week.

43
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1 Introduction

To evaluate the impact of taxation reforms and family policy programs on labor supply and

inequalities, we need to understand the intra-household allocation of time and consumption.

Classic economic theory considers the household as a unit and neglects bargaining issues within

the household. The two individuals of the household are supposed to pool their income and

maximize a neoclassical household utility function subject to the household's budget constraint.

However, many empirical studies show that the income pooling hypothesis is rejected by the

data1. The pooling assumption at the aggregate level leads to the underestimation of income

inequalities among individuals (Lise and Seitz, 2011) and to a bias in the estimation of labor

supply trends (Knowles, 2013). Collective models2 propose an identi�cation strategy to recover

the sharing rule from observed labor supplies of couples. However, whereas these models

repeatedly show evidence that the within household sharing rule varies with the outside options

of individuals (Chiappori et al., 2002), they consider couples as given and can't predict the

impact of welfare policies on the sharing rule. Yet, such reforms may in�uence marital sorting

through divorce and couples formation (Francesconi et al., 2009; Bitler et al., 2004).

Consequently, we need a model which could explain both the formation and separation of

couples and the intra-household allocation. In this paper, I jointly model the marriage market

and resource sharing within the household using the British Household Panel Survey (BHPS)

where I observe wages, working hours, domestic work and marital history of each household

member from 1991 to 2008. First I recover the matching patterns and the preferences for

leisure, consumption and domestic production of men and women. Then, identifying the within

household transfers, I show that changes in matching patterns have a signi�cant impact on

labor supply of men and women through changes in intra-household allocation of resources.

This paper bridges the gap between matching models which identify the matching preferences

over di�erent characteristics, and collective models which identify the within household transfers

and their impact on economic outcomes. To my knowledge, the work of Jacquemet and Robin

(2013) is the �rst attempt to link heterogeneity in marriage formation and intra-household

allocation. They recover matching patterns from observed joint distributions of characteristics

among couples and among singles3 and use a search framework to model frictions4. The present

paper builds on their framework. It similarly includes a collective structure of labor supply in

a search and matching model of marriage. Individuals are egoistic and enjoy their own leisure

and consumption. Single individuals earn labour income whereas married individuals may also

bene�t from a transfer from their spouse on top of their labour income. Single individuals meet

randomly and decide whether they marry. They evaluate the match anticipating what will be

the surplus generated by the match and how it will be split. Individuals bargain à la Nash5 to

1See (Bourguignon et al., 1994)
2These models developed by Chiappori (Chiappori, 1988) assume that the household members bargain over

their resources and make Pareto-optimal agreement.
3Similar strategies are used in models with perfect information as in Choo and Siow (2006), Chiappori et al.

(2011) and Galichon and Salanié (2011)
4Identi�cation of matching patterns is obtained with the steady-state assumption of search models as

Shimer and Smith (2000) and Wong (2003)
5Nash-Bargaining within household is a particular case of collective models: it gives Pareto e�cient outcomes.
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choose an optimal sharing rule. Either the surplus is high enough and both want to match, or it

is not and both prefer to stay single. If they match, they �rst split the surplus and then choose

separately their consumption and leisure according to their new budget constraint.

My paper extends the paper of Jacquemet and Robin (2013) in three ways. First, individuals

directly enjoy the consumption of a domestically produced public good in addition to leisure and

consumption. When two people decide to live together, joint domestic production can increase

their utility in two ways. First their purchasing power increases due to economies of scale

(sharing the rent, the electricity, increasing returns to scale in cleaning, meal preparation)6.

Second, individuals may also directly enjoy the jointly produced public good which may consist

in raising children or eating a home-made meal. Domestic production is crucial in analyzing

household behavior. Omitting household production leads to a signi�cant bias in the estimation

of the sharing rule (Couprie, 2007). The use of the BHPS is particularly relevant here as

we observe the time spent in housework by each household member. I specify a domestic

production function in which public good production depends on three di�erent inputs: the time

spent in housework by each partner, the characteristics of each partner and some time-varying

unobserved characteristics of the match.

This unobserved heterogeneity leads to my second contribution, I endogenise the separation

of couples. Some shocks can hit the unobserved characteristics and lower the value of the

match. In that case, the match breaks up. Only couples with high enough complementarity

in observed characteristics will last. This new setting allows me to identify the instantaneous

meeting probability which was not possible in the setting of Jacquemet and Robin. Using the

panel structure of the BHPS, I observe partnership duration and singlehood duration and I can

identify meeting parameters and quality shock parameters.

Finally, I extend the setting to multidimensional matching. As one household member's

value on the marriage market has an impact on the sharing rule, all characteristics which are

important in couple formation must have an impact on the sharing rule and then on labor

supply. I allow people to choose their partners for two continuous di�erent characteristics

such as wages and family values7. Only a few papers consider multidimensional matching.

Some build a marriageability index (Wong, 2003; Chiappori et al., 2012a), others match on two

characteristics, one of which is a binary characteristic (Chiappori et al., 2010). Only the recent

work of Dupuy and Galichon uncovers matching preferences over many di�erent continuous

characteristics.

The model �ts the data well and provides several results. First, I identify the total surplus

of couples for di�erent characteristics of the partners. I �nd a positive assortative matching in

wages and in family values. I disentangle what comes from preferences for the characteristics of

It is a simple way to include the outside option in the bargaining process. See Manser and Brown (1980),
McElroy and Horney (1981) and McElroy (1990) for deeper discussion on Nash-Bargaining.

6Many studies have attempted to estimate the additional revenue generated by living in couples
(Browning et al., 2013; Couprie, 2007). In collective models with domestic production, the intra-household al-
location process (Chiappori, 1997) can also be decentralized. First, individuals decide on the level of domestic
production they want. Then they de�ne a conditional sharing rule that is how they will share the rest of the total
income conditional on the chosen level of domestic production.

7I use an index representing family values. The higher this index the more traditional the individual is about
family and gender roles. This index expresses opinion about divorce, marriage institution, etc.
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the other partner and what comes from resource sharing and total income. I show that if the

total surplus increases in wages of both members, complementarities in characteristics can be

higher for same wage couples. I also �nd that women with traditional family values as strong

beliefs in religion and marriage institution are more attractive on the marriage market. When

married, these women get a higher share of the couple surplus both in terms of welfare and

monetary resources. Furthermore, I show that matching patterns have slightly changed overtime

and that high wage women have become more attractive on the marriage market.

Second, I identify the within household transfers and show they have a signi�cant impact

on working hours. As most wives get positive transfers from their male partner, they work less

on average than if they didn't get any transfer but they work more than if the total resource of

the household was shared equally between the two individuals. On the opposite side, husbands

work more to compensate the revenue they give to their wife but less than if they had to split

the total resource in two equal parts. In comparison to a situation where married individuals

do not get any transfer from their spouse, I show that transfers reduce labor supply of married

women by 2 hours a week and increase married men labor supply by 1 hour a week.

Finally, this model allows me to simulate the counterfactual equilibrium which would have

obtained in 2008 if sorting patterns and/or preferences for consumption and leisure were still

at their 1999 level. Among other results, I show that changes in sorting pattern have increased

the number of couples with rich women, which leads to a decrease of 1 hour a week the average

labor supply of single women and a small increase of 0.8 hours a week in labor supply of married

women. I also present some simulation exercises where I simulate the equilibrium obtained

with a change in wage distribution of men or women or if we gave a subsidy to low-wage single

women. The ultimate goal of this model is to simulate the impact of a family taxation reform

on within household allocations and labor supplies. I explain how the model could be extended

to include taxation, children, or both.

The model is described in section 2 and the data in section 3. Section 4 presents the estimation

strategy and section 5 the results. Simulation and equilibrium conditions are computed in section

6 and direct extensions of the model are proposed in section 7. Section 6 concludes.

2 Model

2.1 The marriage market

I consider a marriage market with Lm males and Lf females. The number of married couples is

denoted byN and the respective numbers of single males and single females are Um = Lm−N and

Uf = Lf −N . I assume that only singles search for a partner ruling out �on-the-marriage search�.

I denote λ the instantaneous probability of a meeting between a random single woman and a

random single man. Then λm = λUf and λf = λUm are the respective instantaneous probabilities

of an agent among the population m and f of meeting a new person of the populations f and

m.
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2.2 Individual types and preferences

Individuals di�er in a �xed set of characteristics i that contains their gender, their labor market

ability or hourly wage, and other characteristics, which in my application will be reduced

to a single index of how much they value the institution of family, denoted FVI for Family

Value Index. So i = (gender, wage, FV I) or (gi, wi, fi). In the case of couples, I will use i for

husband's type and j for wife's type.

Individuals can be single or married (or cohabiting). Let U(i) and L(i) denote the distribu-

tions of i = (gender, wage, FV I) in the population of singles and in the whole population,

respectively. Let also Um(i) and Uf (j) denote the distributions of wages and FVI for male

and female singles separately. I similarly de�ne distribution functions Lm(i) and Lf (j) for

the whole populations of men and women. Lastly, let N(i, j) be the distribution of matches

with a male of type i and a female of type j. I also use lower-case notations, such as u(i) or

um(i) or n(i, j) to denote corresponding densities with respect to some adequate measure that

is not necessarily the Lebesgue measure, but that we still simply denote as di or dj . Hence,

lm(i) =
∫
n(i, j)dj + um(i), meaning that the number of males of type i in the economy is equal

to the number of all married males and all single males of this type.

Individuals draw utilities from consumption c ≥ 0, leisure l ∈ [0, T ] with T the total amount

of time available to any individual, and a public good Q ≥ 0. Being married or single determines

the public good's production process. Let Ui(c, l, Q) denote this utility function, which we index

by the individual type i. For later use, we also de�ne the conditional indirect utility function

vi(R,Q) = max
c>0,T>l>0

Ui(c, l, Q) s.t c+ wil ≤ R,

for a given income R and public good Q and where wi is the wage of individual i. Note that

leisure follows from the indirect utility function by application of Roy's identity.

Singles have access to a household production technology that requires domestic time as

single input. Let Q = F 0
i (d) denote the home production function for singles of type i. The

home production of married couples has the amount of time spent on domestic chores by both

spouses (di, dj) as factors, and it varies across matches by spouses' types (i, j) and a match speci�c

component z: Q = F 1
ijz(di, dj) for a man i and a woman j. The match-speci�c component z is

drawn from some distribution G at the time of the �rst meeting and is infrequently updated,

with new draws z′ from the same distribution G at random times following a Poisson process

with parameter λz. The home production of married couples also requires some market good

expenditure Cij .

2.3 Marriage contracts

A marriage contract between a male of type i and a female of type j with a match-speci�c

characteristic z speci�es a utility �ow for both spouses, ui and uj , and continuation values,

V 1
i|j(z

′) and V 1
j|i(z

′), upon realization of the next match-speci�c shock z′. Let Wi|j(u) denote

the present value of marriage for an individual of type i receiving a �ow utility u if wed to
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an individual of type j. Any contingency to the match-speci�c component z is embodied in

the utility �ow u. Let V 0
i denote the value of being single. The value of a marriage contract

delivering u units of utility in the current period is de�ned by the equation,

(r + λz)Wi|j(u) = u+ λz

∫
z′
max(V 1

i|j(z
′), V 0

i )dG(z
′),

where r is the discount rate and the second term of the right-hand side is the option value of

divorce or match continuation after a shock to the match-speci�c component.

For singles,

rV 0
i = max

0<d<T
vi(wi(T − d), F 0

i (d)) + λi

(∫∫
max(V 1

i|j(z)− V 0
i , 0)dugj (j)dG(z)

)
, (1)

where λi is either λm or λf depending on i's gender gi = m, f .

2.4 Bargaining

When a match is formed, the two members start to bargain on the level of production of the

public good and on the repartition of the household resources. I model the decision process with

a Nash bargaining where the threat point is to stay single. The respective threat points are then

the respective outside options of the man and the woman and so their present value as singles.

I denote β and (1 − β) the respective bargaining power of the man and the woman. Then the

Nash bargaining of the household is the maximization of the following program :

max
di,dj ,ti,tj

(Wi|j(ui)− V 0
i )

β(Wj|i(uj)− V 0
j )

1−β

s.c ti + tj + Cij = 0

ui = vi(wi(T − di) + ti, Q) , uj = vj(wj(T − dj) + tj , Q) , Q = F 1
ijz(di, dj).

This model has the important property of transferable utility models : both surplus are simul-

taneously positive or negative. Either the match generates enough surplus to make both people

want to marry or it doesn't and they both refuse to marry. The �rst-order condition with respect

to transfers ti, tj writes as

β

Wi|j(ui)− V 0
i

∂ui
∂R

=
1− β

Wj|i(uj)− V 0
j

∂uj
∂R

and after simple algebra, the conditions for di, dj come out as

widi
ϵi

=
wjdj
ϵj

= Q

[
∂ui/∂Q

∂ui/∂R
+
∂uj/∂Q

∂uj/∂R

]
where ∂ui

∂R ,
∂uj

∂Q are the partial derivatives of the indirect utility function vi(R,Q), evaluated at

Ri = wi(T − di) + ti and Q = F 1
ijz(di, dj), and where ϵi =

∂ logF 1
ijz(di,dj)

∂ log di
is the elasticity of
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home production with respect to input di, and ϵj is the elasticity with respect to dj . All these

elasticities are in general functions of (di, dj , z). Finally, the promise-keeping constraint imposes

that Wi|j(ui) = V 1
i|j(z), or equivalently,

(r + λz)[V
1
i|j(z)− V 0

i ] = ui + λz

∫
max(V 1

i|j(z
′)− V 0

i , 0)dG(z
′)− rV 0

i , (2)

with a symmetric expression for V 1
j|i(z). We also have

(r + λz)(V
1
i|j(z)− V 0

i ) = ui + vi|j = β
Sij
Bi

(3)

(r + λz)(V
1
j|i(z)− V 0

j ) = uj + vj|i = (1− β)
Sij
Bj

Of course all these derivations hold only if there exists a feasible allocation (di, dj , ti, tj)

such that Wj|i(uj) − V 0
i ≥ 0 and Wi|j(ui) − V 0

i ≥ 0. This is a condition on z, i and j. Let

a(i, j) ∈ [0, 1] denote the probability of drawing z from distribution G such that there exists a

mutually bene�cial marriage contract.

2.5 Equilibrium �ows

The characterization of the equilibrium allows us to close the model. To solve for a market

equilibrium, we have to describe how new singles enter the market overtime. Burdett and Coles

(1999) review the di�erent cases that have been considered in the literature. Here I suppose there

is no entry of new singles, but the partnerships of type (i, j) are destroyed at rate λz(1− a(i, j))

whereupon both return to the single market. At the equilibrium, there is equality between in�ows

and out�ows for each type of marriage. Then we have for all couples of type (i, j), the equality

between the number of out�ows and the number of in�ows:

λz(1− a(i, j))N(i, j) = Um(i)λm
Uf (j)

Uf
a(i, j) = λUm(i)Uf (j)a(i, j), (4)

The left-hand side is the �ow of divorces. The right-hand side is the �ow of new (i, j) marriages.

It has three components: a single male of type i, out of the Um(i) ones, meets a single female with

probability λm; this woman is of type j with probability Uf (j)/Uf the marriage is consummated

with probability a(i, j). Notice that, in this model, matches with a higher probability of marriage

also have a lower probability of divorce.

The match probability a(i, j) can be then computed using data after having estimated the

parameters λ and λz.

3 Data

3.1 Data construction

I estimate the model using the British Household Panel Survey (BHPS) where I follow indi-

vidual's marriage history from 1991 to 2008 using the family and individual samples. I merge

the individual �le with the marriage history �le to obtain marriage history anterior to 1991 for
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married people. I only use the original BHPS sample comprising 5,050 households and 9,092

adults interviewed at wave 1 (1991), whom I then follow yearly until 2008, even after separation

from the original household8. The panel not only follows all individuals from the �rst wave

(original sample members) but also all adult members of all households containing either an

original sample member, or an individual born to an original sample member whether or not

they were members of the original sample. The sample therefore remains broadly representative

of the population of Britain as it changes over time. I only keep households composed of

heterosexual couples and single member households who are between 22 and 40 years of age at

the time of interview. I drop all observations with missing information on their usual gross pay

per month, the number of hours normally worked per week (including paid and unpaid overtime

hours) and the number of hours spent in a week doing housework. When married, both spouses

have to work and declare their wage and hours to be included in the sample. The hourly wage

is the usual gross pay per month divided by the number of hours normally worked per month

(without overtime).

I consider two di�erent variables to de�ne the agent's type. Wages must be part of the type as

most of the analysis is made on labor income and resource sharing. However, it is quite restrictive

to assume that agents only di�er by their productivity on the marriage market. Heterogeneity

of individuals varies in an in�nite number of dimensions which can be important in couples

formation. One of the most important observable dimension of heterogeneity on the marriage

market is education or social group (Mare, 2008; Bozon and Héran, 1991). The correlation

of education among household members is around 0.6. However, some heterogeneity features

of education or social group are already captured by the wage. It would be more interesting to

study the impact of other variables on the match. The BHPS provides us with some alternatives.

We could think of the Body Mass Index observed in 2004 and 2006 which could be a proxy for

physical attractiveness. However, I prefer to use in this paper some information on family values

available during the whole period. This information re�ects how individuals value the marriage

institution. I construct a Family Values Index (FVI) based on individuals' responses to various

statements about family, cohabitation and divorce on a scale of 1 to 5: Strongly agree (1); Agree

(2); Neither agree nor disagree (3); Disagree (4); Strongly disagree (5). Table 1 displays which

statements are proposed each year. Let A(1), . . . , A(9) denote the answers to questions 1 to 9.

Then

Ifv1991−1996 =
6

5
[A(1) + (6−A(2)) + (6−A(3)) + (6−A(4)) + (6−A(5))]

Ifv1998−2008 = A(1) + (6−A(2)) +A(6) +A(7) + (6−A(8)) + (6−A(9))

with values between 6 and 30. This index has some common features with the traditional versus

secular-rational index of Inglehart and Baker (2000).

8The sample was a strati�ed clustered design with 250 Primary Sampling Units in England, Scotland and
Wales and was designed to be representative of the population of Great-Britain (which excludes Northern Ireland
and North of the Caledonian Canal)
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Table 1: Family Value Statements. Do you agree with the following statements ?

Years 1992, 1994, 1996 Years 1998, 2000, 2002, 2004, 2006, 2008

1. Divorce is better than unhappy marriage
2. Adult children should take care of their parents

3. Bible Gods word and true
4. Man should be the head of the household
5. Cohabiting is always wrong

6. Cohabitation is alright
7. Marital status is irrelevant for children
8. Homosexual relationships are wrong
9. Parents ought stay together for children

Finally, wages are de�ated by the Consumer Price Index and computed in pounds of 2008. I

trim the 1 % top and bottom tails of wage and time use variables. I thus obtain an unbalanced

panel of 18 years (1991-2008), whose cross-sectional size varies between 2255 (in 1991) and 3456

individuals (in 1999).

My analysis has two important limits. First, I need to restrict my sample to working people

as I do not model the extensive participation to the labor market jointly with the formation

of couples. I am only considering the marriage market of working people composed of working

singles and bi-working couples. However, married women's participation to the labor market has

increased from 1991 to 2001 and my samples become more and more representative overtime.

Since 1999, more than 75 % of married women between 22 and 40 years old are working and

more than 90 % of men (These �gures are presented in appendix on Figure 16). Second, I don't

model the evolution of wages with age. Married individuals who are older in average than singles

have then higher wages. This could lead to overestimate the attractiveness of high wage men on

the marriage market. To limit the bias, I �rst restrict the sample to the age range between 22

and 40 years old9, second I de�ne wages as the individual prediction of one's wage at 31 year

old.

3.2 Wages and family values by gender and marital status

The left panel of Figure 1a represents the wage distribution for di�erent marital status in 1999.

Married people have have higher wages, particularly men. The right panel represents the distri-

bution of the Family Value Index. Men are more conservative than women and married women

are more conservative than single women. In 1999, wage correlation among couples was around

0.32 and F.V.I correlation is around 0.44.

Figure 1b provides information on the link between wages and the amount of time spent in paid

work and home production. Female labor supply is more wage-elastic than male labor supply.

Married men work on average 3 hours more, in any given week, than single men, while married

women work less than single women by about 2 hours. Conversely, married women work more

hours at home than single women by about 5 hours per week. Moreover, female domestic time

use steeply decreases with wage, whereas it is rather inelastic for men, with an average value of

6 hours per week.

9In my sample, married men are in average only 3 years older than single men. Married women are in average
only 1.5 years older.
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Figure 1: Distribution of wages, family values and time use. BHPS, 1999

(a) Wages and family values
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(b) Labor supply and home production time by wages
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I have plotted in Figure 2a the trends in wages and FVIs for di�erent marital statuses (the shaded

area is the 90% con�dence interval). The average wage of married men has increased from ¿12

in 2001 to ¿15 in 2008. Married women's wages have seen a parallel increase from ¿9 to ¿121.

These regular increases contrast with the relative stability of single men's and single women's

wages over the period. FVI trends also reveal sharp gender di�erences. Men are not only more

conservative than women as far as family values are concerned, but the tendency for women over

the period is towards more liberalism, whereas men's attitudes are stable by comparison. Next,

we turn to the evolution of time use over the observation period (1991-2008). There is a clear

tendency for single men to work less (a 4-hour reduction; see Figure 2b), that is also observable

for married men, albeit to a lesser extent. In contrast, female labor supply remains constant over

the period, while married women tend to work more (from about 30 hours per week in 1992 to

32.5 in 1999). The amount of time spent in home production follows a general decreasing trend

for all categories of individuals, married or single, male or female (see Figure 2c). However, this

negative trend is particularly pronounced for married women and mothers. They used to spend

in housework 20 hours per week on average in 1991. In 2008, housework takes no more than 13
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hours on average of women's time. These evolutions raise an interesting challenge for the model

to explain. We shall ask the question of how much of the changes in time uses can be explained

by exogenous changes to wages and family values, and which structural changes (i.e. changes to

the parameters of the model) are necessary to account for the observed changes.
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Figure 2: Evolution of wages, family values and time use. BHPS, 1991-2008

(a) Wages and family values

(b) Labor supply

(c) Home production
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4 Speci�cation and estimation

In this section I specify the utility functions and the production functions, and I develop the

estimation procedure.

4.1 Parametric speci�cation

Indirect utility and home production

For simplicity I assume as in Jacquemet and Robin (2013) that the indirect utility function has

the following quasi-linear form

vi(R,Q) = Q
R−Ai

Bi

and that the domestic production functions are Cobb-Douglas:

[couples] Q = F 1
ij(di, dj , z) = (Φij + z)(di −D1

i )
K1

i (dj −D1
j )

K1
j

[singles] Q = F 0
i (d) = (d−D0

i )
K0

i .

There is no multiplicative constant in front of F 0
i (d) as it can be subsumed into parameter

Bi. For singles, the maximization of their program leads to the following di�erent expressions.

Domestic time use d0i is such that

wi(d
0
i −D0

i ) =
K0

i

1 +K0
i

(wi(T −D0
i )−Ai). (5)

Leisure is

l0i = A′
i +

B′
i

Bi
(wi(T − d0i )−Ai) = A′

i +
B′

i

Bi

wi(T −D0
i )−Ai

1 +K0
i

, (6)

where A′
i and B′

i denote the derivatives of Ai and Bi with respect to wi, the market wage of

individual i. Labor supply is h0i = T − d0i − l0i .

Using equation 1 and 3, the present value of being single is

BirV
0
i =

(
K0

i

wi

)K0
i
(
wi(T −D0

i )−Ai

1 +K0
i

)1+K0
i

︸ ︷︷ ︸
v0∗i

+βi
λ

r + λz

∫∫
Sij(z)

+dG(z)dUf (z) (7)

where βi = β or 1− β according to i's gender (male or female).

For married individuals, domestic time uses are d1i and d
1
j such that

wi(d
1
i −D1

i )

K1
i

=
wj(d

1
j −D1

j )

K1
j

= Rij (8)



56 Education and Family Economics - Chapter 2

for

Rij =
wi(T −D1

i ) + wj(T −D1
j )− Cij −Ai −Aj

1 +K1
i +K1

j

(9)

Leisure demands are

l1i = A′
i +

B′
i

Bi
(wi(T − d1i ) + ti −Ai) , l

1
j = A′

j +
B′

j

Bj
(wj(T − d1j ) + tj −Aj) (10)

After some algebra detailed in appendix, we �nd that marriage is consummated if Sij(z) > 0

where Sij(z) solves

Sij(z) = σij (sij + z) , (11)

with

σij =

(
K1

i

wi

)K1
i

(
K1

j

wj

)K1
j

R
1+K1

i +K1
j

ij (1 +K1
i +K1

j ) (12)

and

sij = Φij −
BiV

0
i +BjV

0
j

σij
+

λz
r + λz

∫
max(sij + z′, 0)dG(z′), (13)

Transfers ti and tj are such that

wi(T − d1i ) + ti −Ai =
BirV

0
i

Q
+ β

(
Rij −

BirV
0
i

Q
−
BjrV

0
j

Q

)
, (14)

and tj = −Cij − ti

Heterogeneity

The dependency of the parameters to the exogenous variables (gender, wage and family values

index) is speci�ed as follows. First, the indirect utility for consumption and leisure is a smooth

function of gender and wage with Ai = Ai(gi, wi) and Bi = Bi(gi, wi). Second, the domestic

production functions vary with gender and family values, i.e.

D0
i = D1

i = Dm, K0
i = K1

i = Km, (15)

D0
j = D0

f , K0
j = K0

f

D1
j = D1

f , K1
j = K1

fe
κ1
ffj

where fi denotes the family values index for individual i. In addition I set Cij equal to a constant:

Cij ≡ C. We observe in data on Figure 17 that domestic work of married women is elastic to

their FVI10. To take this into account I assume that the domestic work elasticity of married

women depends on her FVI. This �exibility has been chosen to match the observed domestic

10Data also show that domestic work of married women is elastic to their husband's FVI in a lesser extent.
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work of married women who work much more at home than single women whereas domestic

work of married men and single men are very similar. Finally Φij is a smooth function of both

spouses' wages and family values indexes: Φij ≡ Φ(wi, fi, wj , fj), where fi, fj denote the family

values indexes of male spouse i and female spouse j. I thus use family values as an instrument

or a measurement for the marriage public good above and beyond the externality generated by

pooling time resources. Φij will be named the a�nity factor.

4.2 Identi�cation and Estimation strategy

Estimation of λ and λz with a duration model

As in Wong (2003), we estimate "hazard rates" λ and λz by applying maximum likelihood to

marriage/singlehood duration data. Agents can be single or married at the time of the interview.

Let T0b and T0f be the elapsed and residual singlehood durations for those individuals who are

single at the time of the interviews. Let C0b and C0f be corresponding censoring indicators. Let

(T1b, T1F , C1b, C1b) be similar notations for marriage durations. We observe complete durations

for about 10% of couples and 13% of singles. The mean marriage duration calculated over

uncensored durations is equal to 13 years whereas the mean duration of singlehood is equal

to 7 years. For any single, elapsed and residual durations are independent and have the same

exponential distribution. Thus for a male single of type i, the individual contribution is

L0i =

(
λ

∫
j
a(i, j)Uf (j)

)1−C0b+1−C0f

e
−
(
λ
∫
j a(i,j)Uf (j)

)
(T0b+T0f )uf (j)

(1−C0f )

Events occurring after exit from being single are independent of the events up to exit. Therefore,

their probability is independent of the likelihood of being single. The event immediately

following type i's singlehood duration is the realization of whom to match with. This event is

given by the density of accepted type uf (j). We de�ne similarly an individual contribution for

female singles.

For married couples of type (i, j), the contribution of (T1b, T1f , C1b, C1f ) to the likelihood is

L1ij = (λz(1− a(i, j)))1−C1b+1−C1f e−λz(1−a(i,j))(T1b+T1f ),

where a(i, j) can be substituted out using the steady-state �ow restriction 4 as

a(i, j) =
N(i, j)

λ
λz
Um(i)Uf (j) +N(i, j)

.

Densities n(i, j) and um(i), uf (j) are estimated using Kernel estimators.

Estimation of domestic production parameters

I estimate the domestic production parameters using Non Linear Least Squares estimation si-

multaneously on the equations 5, 6, 8 and 9.
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Preference functions : inference from hours

The identi�cation of Ai and Aj follows from the identi�cation of Bi and Bj and the parameters

of domestic time use. Using Roy's identity, working hours of single and married people can be

expressed

h1i = T − d1i −A′
i(wi)−

B′
i(wi)

Bi(wi)
(wi(T − d1i ) + ti −Ai(wi)) (16)

h0i = T − d0i −A′
i(wi)−

B′
i(wi)

Bi(wi)
(wi(T − d0i )−Ai(wi)).

Using the equation for singles, you obtain the following linear di�erential equation :

A′
i(wi)−

B′
i(wi)

Bi(wi)
Ai(wi) = T − h0i − d0i −

B′
i(wi)

Bi(wi)
wi(T − d0i )

whose solution is

Ai(wi) = Bi(wi)

∫ wi

0

T − h0i − d0i −
B′

i(w)
Bi(w)w(T − d0i )

Pi(w)
dw.

Then if the aggregate price indexes Bi and Bj are known, we can recover the functions Ai(wi)

and Aj(wj). Besides, using (16), we write :

h1i − h0i = d0i − d1i −
B′

i(wi)

Bi(wi)
(ti + wi(d

0
i − d1i )). (17)

Then integrating the preceding equation, we get

∫
z|z>−Sxy

(h1i + d1i − h0i − d0i )dG(z) = −B
′
i(wi)

Bi(wi)

(∫
z|z>−Sxy

ti + wi(d
0
i − d1i )dG(z)

)
.

We will consequently regress the ratio ∆Hi = h1i
z|z>−Sxy

+d1i −h0i −d0i on ti
z|z>−Sxy

+wi(d
0
i −d1i )

to obtain

B′
i(wi)

Bi(wi)
= −

∫
j

(
∆Hi

)
(ti + wi(d

0
i − d1i ))n(i, j)dj∫

j(ti + wi(d0i − d1i ))
2n(i, j)dj

. (18)

Then Bi can be recovered using transfers and the observation of domestic and market work.

However, transfers are also function of Ai and Aj . Besides, the domestic work parameters are

also estimated using Ai and Aj . These functions are then solved by iterations. Using initial values

for these functions we estimate the parameters for domestic production, compute transfers, then

Bi and Bj using (18) and we estimate new functions for Ai and Aj until convergence.

Bargaining power and distribution of z

The distribution of the match quality shockG(.) is modeled with a centered Gaussian distribution

of variance σ2z . I show in appendix 6 the impact of σz on single present value and a�nity matrix.
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I �rst show that single present values are linear expressions of σz. A high σz means an important

contribution of the continuation value in the single present value. There exist two functions Hm

and Hf such that

rBiV
0
i = Bivi + σzHm(a(i, j), σij , uf )

rBjV
0
j = Bjvj + σzHf (a(i, j), σij , um).

Furthermore, there exist a function H such that the a�nity matrix also depends on σz in the

following way.

Φ(i, j) =
Bjvj +Bivi

σij
+ σzH(a(i, j), σij , uf , um).

The parameters σz and β are estimated by minimizing the errors in market hours prediction for

married men and women with the whole model.

5 Estimation results

There are 12 parameters and 6 functions to estimate in the model. which are displayed in table

2.

Table 2: Parameters of the model

Discount rate r
Quality shocks G(z), λz
Meeting parameters λ
Bargaining parameters β
Domestic production Km, K

0
f , K

1
f , κ

1
f , Dm, D

0
f , D

1
f

Preference functions Bi(wi), Bj(wj), Ai(wi), Aj(wj)
A�nity matrix Φ(i, j)
Cost C

All parameters can't be estimated. The discount rate r is set at 3 % per year. The distribution

of the match quality shock G(.) is modeled with a centered Gaussian distribution of variance σ2z

set to 0.12 to �t the best the data. The parameters λ and λz are estimated independently using

the exponential duration model previously described. The domestic production parameters

and the preference functions are estimated together as described in the previous section. I �x

the cost C at 800 ¿ a month which is the minimum required to obtain realizable predictions

of market hours. As 65 % of married couples in my sample have children, this must represent

an average additional cost supported by parents to raise children11. The bargaining parameter

which �t the best the data is β = 0.74 in 1999.

Table 3 presents the parameter estimates in 1999 where the sample is the largest. The parameters

of quality shocks and meeting give an average duration of singlehood of 10 years for single men

11However, I should also take into account that many single women also incur an additional cost for raising
children. 30 % of single women in my sample have children, which concerns less than 2 % of men.
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and 11 years for single women and a average duration of couples of 30 years.

Table 3: Parameters estimates

Quality Meeting Domestic production parameters

shocks(a) parameters(a)

λz λ Dm D0
f D1

f K1
f κ1f K0

f Km

0.0028 0.00071 4.04 4.25 8.01 0.017 0.046 0.072 0.013
(0.00020 ) (0.0003 ) (0.25 ) (0.62 ) (1.37 ) (0.0084 ) (0.011 ) (0.009 ) (0.0022 )

The preference functions are represented on Figure 3. The upper panel represents the minimal

amount of consumption and shows that it increases almost linearly with wages for both men and

women. The slope is higher for women. The lower panel of Figure 3 represents aggregate

price index. Preference for leisure increases with wage and is higher for men than for women.

Figure 3 also represents the evolution of preferences for consumption and leisure over years.

Men have decreased their minimum level of consumption and leisure and have increased their

preferences for leisure relative to consumption. This results is consistent with the observation

of Aguiar and Hurst (2007) who document a sharp increasing trend in men leisure over the last

four decades which is not explained by changes in wages. On the contrary, women have increased

their minimum level of consumption and leisure and have decreased their preference for leisure

relative to consumption.
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Figure 3: Evolution of preferences for consumption and leisure
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The next two subsections will present the estimation of matching patterns, within household

transfers and predictions of labor supply. Section 5.1 will presents the results obtained in 1999

with the whole multidimensional model. Section 5.2 will present how matching patterns and

transfers have evolved over the 1999-2008 period focusing on a unidimensional model where

individuals only match on wages.

5.1 Cross section analysis in 1999

Matching patterns

This section presents the estimation of the probability that a man of type (wagei, fi) and a

woman of type (wagej , fj) match if they happen to meet. I represent this four variable function

on a 3D graph. Figure 4 shows the expected match probability conditional on wages. The left

panel is a 3D plot whereas the right panel represents the level curves. The left panel shows that

the matching probability is strongly increasing in both wages. The probability that a man with

a wage rate of 25¿ matches with a woman of wage rate 20¿ when he meets her is 0.04 whereas

the probability that he marries a woman of wage rate 5¿ when he meets her is 0.02. This �gure
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also shows a little dissymmetry more visible on the right panel. Women with low wages have

higher chances to marry than men with low wage. Conditional on meeting, the probability that

a rich man marries a low wage woman is higher than the probability that a rich woman marries

a poor man. Figure 5 represents the match probability conditional on the Family Value Index.

The expected probability of matching is lower in average meaning that the FVI explains less of

the matching probability. The right panel shows that the matching probability is higher when

the two FVI are high and close. The matching probability is very low for high FVI male with

low FVI female.

Figure 4: Expected Marriage probability conditional on wages
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Figure 5: Expected Marriage probability conditional on Family Value Index
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I represent the a�nity factor Φij conditional on wages on Figure 6. Its shape is di�erent from

the total surplus. Low wage women have a�nity with low wage men. It is not the higher

the wage the better anymore. Same wage partners have high complementarities in public good

production, particularly low wage individuals. Moreover, we see that high wage women have very

low complementarities with low wage men. When we look at the a�nity factor conditional on

the Family Value Index on Figure 7, the best match is reached for couples with more traditional

family values. It is very low for low FVI female matched with high FVI men.
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Figure 6: A�nity factor conditional on wages
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Figure 7: A�nity factor conditional on Family Value Index
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The previous graphs show the shape of the a�nity factor with respect to two out of the four

characteristics : wi, wj , fi, fj . It would be interesting to better understand the contribution

of each variable to this factor and their interaction. To this end, I perform a non-parametric

regression of the a�nity factor using Generalized Additive Models (GAMs). I present in table

4 the generalized R2 obtained for di�erent speci�cations of the interactions of variables (I put a

note on GAM in appendix).

There exist strong complementarities between characteristics of the partners. The public good

is not only a sum of the contributions of each partner. For instance, partner's wages plus their

interaction account for 61.8% of the variance whereas the sum of each wage contribution would

account for only 21.8%. Similarly, the partners' FVI plus their interaction account for 25.5%

whereas the sum of their individual contribution is only 8.4%. However, there is apparently

no interaction between the other characteristics (including some interaction doesn't add more

explanation power).

The characteristics of the man contribute more to the a�nity factor. His wage explains by itself

19% of the variance. The interaction of the partners wage plus the interactions of the partners

FVI account for almost all the variance : 87.3%. The interaction of the male characteristics plus
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the interaction of the women characteristics only account for 33% of the variance.

Table 4: Comparisons of di�erent models

Variables Generalized R2

(wm) 18.9%
(fm) 6.2%
(wf ) 2.9%
(ff ) 2.2%
(wm, fm) 27.3 %
(wf , ff ) 5.7 %
(wm, wf ) 61.8 %
(fm, ff ) 25.5 %
(wm, ff ) 21.3 %
(wf , fm) 9.9 %
(wm, wf , fm, ff ) 93.6 %

Transfers and Inequalities

When married, the individual's resource is changed by a transfer from his spouse (positive or

negative). For now, we considered the generalized sharing rule ti and tj . Usually, collective

models with domestic production are interested in the conditional sharing rule ti − wid
1
i and

tj − wjd
1
j . However, this rule neglects public production. It doesn't represent how individuals

contribute to domestic production. A woman can get a large part of the rest of the total income,

but she may have also contributed much more to domestic production than her husband and

she �nally doesn't bene�t so much from the couple surplus. The generalized sharing rule takes

individual domestic work into account but neglects price of public consumption. Indeed, men and

women could have di�erent marginal propensity to spend time and money in public production,

then it could be less costly for a woman to spend more time in housework than for a man. We can

consider instead the measure developed in Chiappori, Meghir (2013), the Money Metric Welfare

Index (henceforth MMWI) which corresponds to the monetary amount that one would need to

reach alone the same utility level that she reaches when she is in couple. Chiappori and Meghir

(2013) argue that the Money Metric Welfare Index fully characterizes the utility level reached

by the agent. That is the MMWI is the amount M such that if we give M to a single individual

of type i, he would reach v0∗i = v1i|j that is

F 0
i (d)

wi(T − d0i ) +M −Ai

Bi
= F 1

ijz(di, dj)
wi(T − d1i ) + ti −Ai

Bi
.

To sum up, I have available three instruments to measure within household inequalities, the

generalized sharing rule, the conditional sharing rule and the MMWI. Using Discrete Cosine

Transform, I compute the three measures of transfers for each men and women of each couple.

In 1999, the median of the MMWI's share of the woman
(

Mf

Mf+Mm

)
12 is 0.32 that is 50% of

married women get less than 32% of the welfare surplus generated by the couple. The median

of the woman conditional transfer is - 752¿ which is the share of the children cost (here 800¿)

12I transform the variable to obtain a strictly positive measure. For each household g, I use the value M ′
mg =

Mmg −min(0,Mmg,Mfg) and M ′
fg = Mfg −min(0,Mmg,Mfg)
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supported by the woman plus the total opportunity cost of her domestic work. The median of

the woman generalized transfer is equal to - 237¿ which is only the share of the children cost

supported by the woman.

Table 5: Median value of transfers to the women in 1999

MMWI woman'share (
Mf

Mm+Mf
) 0.25

Generalized Sharing Rule -9 ¿
Conditional Sharing Rule -700 ¿

It is more interesting to go beyond the median and to study these transfers for particular types of

household. I classify each partner in 3 categories: those whose wages are below the �rst quartile

(w ≤ q25), those whose wages are between the �rst quartile and the third quartile (w ∈ [q25−q75])
and those whose wages are over the third quartile (w > q75). We obtain 9 di�erent types of

households. The average of transfers among each type of household are presented in table 6. A

wife gets a higher share of the welfare when her husband has a lower wage than her. Her welfare

share also increases with her wage. Things are di�erent for monetary transfers. Higher her wage

and lower her husband wage, higher she contributes to the public good and lower is her resulting

transfer. A women in the top 25 % married with a man also in the top 25 % will get 7¿ a month

whereas if she's in the bottom 25 % she will get 266¿.

Table 6: Average values of transfers to the women according to the household type

Woman Wage Quantile ≤ q25 [q25 − q75] > q75
Man Wage Quantile ≤ q25 [q25 − q75] > q75 ≤ q25 [q25 − q75] > q75 ≤ q25 [q25 − q75] > q75

(
Mf

Mm+Mf
) 0.33 0.24 0.18 0.35 0.27 0.18 0.34 0.27 0.20

Conditional Sh.Rule (¿) -643 -480 -281 -1018 -833 -593 -1541 -1398 -1133
Generalized Sh.Rule (¿) -112 54 266 -226 -61 181 -427 -269 7

To obtain a complete characterization of these transfers, I regress them on individuals charac-

teristics. Remind the formula for the generalized transfer to the woman

tj = −(wj(T − dij)−Aj) + (1− β)Rij +

(
β
BjrV

0
j

Q
− (1− β)

BirV
0
i

Q

)
.

Even if we have the exact formula for all these transfers, the impact of di�erent variables is not

obvious in the expression β
BjrV

0
j

Q − (1− β)
BirV

0
i

Q which corresponds to a bargaining term due to

outside options. To separate the e�ect of outside options from the e�ect of total resources, I also

regress the outside option bargaining term on characteristics. Regression results are presented

in table 7. The �rst column displays the results for the average welfare share of women that is
Mf

Mf+Mm
, the second column displays the results for the generalized transfer. The third column

corresponds to the outside option term.

All things being equal, the outside option term increases in woman's wage and decreases in

her husband wage. This results show that outside option depends positively on wages. It also

increases in the woman FVI but decreases with the man FVI. Then FVI have also positive impact
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on outside option for both men and women (remind that high FVI people are more attractive)13.

Let us consider an average couple14. An increase of 1¿ in man's wage leads to a decrease of 0.9%

in her welfare share and an increase of 26¿ in her transfer. Actually, the increase in man's wage

has lowered the outside option bargaining term by 68¿ but as it has also increased the total

resources by 94¿.

Table 7: Determinants of the MMWI and the conditional sharing rule in 1999

Variables Woman share Sharing β
BjrV

0
j

Q − (1− β)
BirV

0
i

Q

of MMWI (%) rule tf (¿/mth) (¿/mth)

Constant 21.97 −514 −780
(1.64) (36) (104)

Wage male −1.53 35.3 −35.1
(0.03) (0.65) (1.86)

Wage male square 0.019 −0.28 −1.02
(0.0006) (0.014) (0.04)

Wage female 0.77 −18.42 152.4
(0.039) (0.88) (2.51)

Wage female square −0.016 −0.10 1.50
(0.0012) (0.026) (0.07)

FVI male −1.60 32.6 −66.1
(0.16) (3.7) (10.5)

FVI male square 0.05 −0.79 1.85
(0.0005) (0.11) (0.32)

FVI female 3.1 −17.3 169.2
(0.17) (3.78) (10.8)

FVI female square −0.07 1.08 −6.3
(0.006) (0.13) (0.37)

R2 86 % 93 % 98 %

Prediction of hours

Using the model, I compute the predicted working hours conditional on wages for married people.

Figure 8 shows a very good prediction of conditional market hours for both men and women. I

also compute what would be the working hours of individuals in two extreme cases. The �rst

case is when there is no possibility of transfers. Then married individuals still bene�t from

complementarity in domestic production but each member keeps his own labor income and pays

the half of the children cost. The second case is when married individuals share equally all their

resources. More precisely the expression of men labor supply in these three cases are

13An increase in FVI of the man leads to an increase in total resource and an increase in her domestic work so
increases the transfer to the woman. This has been ruling out by the model but I use the observed working hours
and domestic hours to compute the transfers. That's why the male FVI has a di�erent impact on the outside
option bargaining term and on the transfer.

14The man would have an FVI of 15.2 and an hourly wage of 16¿ and the woman an hourly wage of 12.2¿
and a FVI index of 13.8
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Labor supply with transfers h1i = T − d1i −A′
i −

B′
i

Bi
(wi(T − d1i ) + ti −Ai)

Labor supply without transfers h1i = T − di −A′
i −

B′
i

Bi
(wi(T − d1i )−Ai − C

2 )

Labor supply with equal sharing h1i = T − d1i −A′
i −

B′
i

Bi

wi(T−d1i )+wj(T−d1j )−Ai−Aj−C

2

In the last two equations, there is no �bargaining e�ects�. Labor supplies depend on the standard

income e�ects and substitution e�ects. When man's wage rises, his labor supply tends to increase

through substitution e�ects with the decrease in
B′

i
Bi

and the decrease in domestic work d1i (and

the increase in his wife's domestic work for the model with equal sharing). It tends to decrease

through the income e�ect with the rise in wiT − Ai. In the �rst equation, there is also a

�bargaining e�ect� which acts like an income e�ect through changes in the transfer ti due to

changes in wage.

Figure 8 is decomposed in four parts, the two upper parts represent labor supply of men and the

two lower parts labor supply of women. The two left parts compare labor supply predicted by the

model with labor supply predicted in the equal sharing case. The two right parts compare labor

supply predicted by the model with labor supply predicted in the no transfer case. Resource

sharing mostly bene�t to low wage women who can work much less as if they didn't get any

transfer. On the contrary, married men should work less than they do to compensate the transfer

they give to their wife. If individuals shared equally their resources, as men have generally higher

wages, they would work much more as they would give more than half of their resources to their

wife. On the contrary, women would work much less. The actual working hours lie between the

two extreme cases.

Figure 8: Prediction of working hours in 1999
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5.2 Evolution from 1991 to 2008

In this subsection I present how matching patterns and transfers have evolved over time.

Matching patterns

Figure 9 represents the evolution of the a�nity matrix Φ(i, j) with respect to wages overtime.

We observe that high wage women become more and more attractive whereas high wage men

become less attractive. We always observe high complementarities on the diagonal which has

moved to the right (toward high wage women) in 2008.

Figure 9: Evolution of complementarities in wages from 1999 to 2008
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Prediction of hours

In a similar way than in section 5.1, I compute the predicted hours for each individual of each

sample and the predicted hours with (i) no within household transfers and (ii) equal sharing. I

present the evolution of the average of working hours by marital status on Figure 10. Without

transfers, men would work 1 hour less in average (about 2.5 % less). To the contrary, married

women would work more by 2 hours (about 4.5 % more). This gap seems constant overtime for

both men and women. If there was equal sharing, men would have worked 2 hours more from

1991 to 1998, 3 hours more until 2006, then 4 hours more. On the opposite, with equal sharing,

women would have worked 4 hours less from 1991 to 2002 then 4 hours from 2002 to 2007.
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Figure 10: Evolution of working hours
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6 Simulations

6.1 Characterization of the equilibrium

In this section I compute the equilibrium distribution of characteristics and match probabilities

from the previous non-parametric estimates of the structural parameters, namely, the comple-

mentarities in characteristics Φ(i, j) and the preference parameters. Let n(i) denotes the density

of married men of type i, then n(i) =
∫
j n(i, j)dj. Besides, remind that

N(i, j) =
λUm(i)Uf (j)a(i, j)

λz(1− a(i, j))
,

then we obtain the following equation for the distribution of type i among single men

Um(i) =
Lm(i)

1 + λ
λz

∫
j
a(i,j)Uf (j)
1−a(i,j) dj

Similarly, we obtain the expression for density of single women. Now, we will compute the

equilibrium expression of the present value of single men and single women. We obtain the

following Bellman equation for a single individual using equation (1) and (3)

Bi(rV
0
i − v0∗i ) = λ

∫∫
z j

max(Bi(V
1
i|j(z)− V 0

i ), 0)Uf (j)dG(z)dj

= λ

∫∫
z j

(
max

(
β

r + λz
σij(s(i, j) + z), 0

)
Uf (j)dG(z)dj

)
=

βλ

r + λz

∫
j
σij

(∫
z
max(s(i, j) + z, 0)dG(z)

)
Uf (j)dj.



70 Education and Family Economics - Chapter 2

We �rst compute the inner integral on z :∫
z
max(s(i, j) + z, 0)dFz(z) = s(i, j)a(i, j) +

∫ +∞

−s(i,j)
zdG(z)

= s(i, j)a(i, j) + σ

∫ +∞

− s(i,j)
σ

vdΦ(z)

= s(i, j)a(i, j) + σϕ

(
s(i, j)

σ

)
= µ(a(i, j)),

with Φ the gaussian standard distribution function and ϕ its associate density. We obtain the

following formula for the present value of a single man of type i and a woman of type j

Bi(rV
0
i − v0∗i ) =

βλ

r + λz

∫
j
σijµ(a(i, j))Uf (j)dj (19)

Bj(rV
0
j − v0∗j ) =

(1− β)λ

r + λz

∫
i
σijµ(a(i, j))Um(i)di

An equilibrium is a �xed point of (um, uf , V
0
i , V

0
j ) of the following system of equations where

the �rst two equations determine equilibrium wage distributions for singles and the last two

equations determine equilibrium present values of single men and single women.

Um(i) =
Lm(i)

1 + λ
λz

∫
j
a(i,j)Uf (j)
1−a(i,j) dj

Uf (j) =
Lf (j)

1 + λ
λz

∫
i
a(i,j)Um(i)
1−a(i,j) di

Bi(rV
0
i − v0∗i ) =

βλ

r + λz

∫
fj
σijµ(a(i, j))Uf (j)dj

Bj(rV
0
j − v0∗j ) =

(1− β)λ

r + λz

∫
mi
σijµ(a(i, j))Um(i)di,

where a(i, j) solves the following �xed point equation

a(i, j) = 1−G

(
−Φ(i, j) +

BirV
0
i +BjrV

0
j

σij
− λz

r + λz
µ(a(i, j)))

)
.

Despite the lack of a global contraction mapping property, the standard �xed-point iteration

algorithm, xn+1 = Txn works well in practice, even starting far from the equilibrium (for instance

with Bi(rV
0
i − vi) = 0 and um(i) = lm(i)). For each dataset, the algorithm converges to the

equilibrium observed in the data. I obtain the �xed point (um, uf , V
0
i , V

0
j ) which corresponds to

the density and present value we observe in the data.

6.2 Simulation : impact of preferences, matching patterns and wage distri-

butions

I focus here on the 1999-2008 period where domestic work and employment rates have remained

stable. On that period, we observe a decline in men labor supply whereas women labor supply
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has remained stable. Moreover, we observe changes in wage distribution, consumption prefer-

ences and matching patterns. Particularly, wages have risen and preferences for consumption

relative to leisure have increased for women and have decreased for men. Furthermore, high

wage women have become more attractive on the marriage market. How do these changes

can account for the observed labor supply trends ? To answer this question, I compute the

counterfactual equilibrium obtained in 2008 by �xing some elements of the model at their

1999 level. I consider three di�erent elements: the preferences for consumption and leisure

represented by the functions Ai, Aj , Bi and Bj , the matching preferences represented by the

function Φ, and the wage distribution. Table 8 presents the results. The �rst two columns

describe the simulated results when all factors are those estimated for each year. The model

�ts the data well. The last three columns present the counterfactual equilibria obtained in 2008

by �xing an element at its 1999 level. The table presents the resulting number of singles, the

quantiles of the resulting wage distribution among singles and the obtained average labor supply

of men and women according to their marital status.

The results show that the sorting pattern has a strong in�uence on matching and resulting

labor supply. If sorting preferences had remained the same as in 1999, a lot of couples would

not have been formed. Many rich women would not have found a partner. Change in sorting

pattern can account for an increase in 6% of couples in 2008. It lowers the wage distribution of

single women, decreases their average work by 0.6 hour and increases the average labor supply

of married women by 0.4 hours.

The increase in preference for leisure for men account for a decrease of 2.1 hours a week for

single men and 1.4 hour a week among married men. Preferences changes account for a decrease

in labor supply of married women by 2.8 hours.

Finally distribution has also a strong impact. The number of high wage single women has

increased. Bargaining position of men seem to have increased with their wages and makes them

give lower transfers. The change in wage distribution leads to an increase of 2 hours for married

women.
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Table 8: Labor supply trends under di�erent scenarios

Model (deviation∗∗ 2008 Equilibrium
to the current value) Matching pattern Consumption Wage distribution
1999 2008 of 1999 preference of 1999 of 1999

Matching pattern
Um 423 (+1) 320 (-3) 341 317 400
Uf 402 (-17) 323 (-4) 345 321 376

Single men quantile∗ [10.6 14.7 22.1] [8.8 12.5 19.4] [8.8 14.6 19.4] [8.8 12.5 19.4] [10.6 14.7 19.5]
Single women quantile∗ [7.9 12.5 18.0] [7.5 10.3 15.4] [8.9 12.0 19.2] [7.5 10.3 15.5] [7.5 12.5 16.1]

Labor supply
Married men 46.1 (-0.5) 44.4 (+0.1) 44.7 45.8 44.5
Married women 32.1 (-0.5) 31.9 (-0.4) 31.5 34.7 29.8
Single men 41.8 (=) 39.0 (+0.1) 39.1 41.8 39.0
Single women 34.4(+0.2) 34.3(+0.2) 34.9 34.4 33.9
∗ Quantiles q25, q50 and q75.
∗∗ Deviation to the actual value. For instance, in 1999 there are 422 single men who work 41.8 hours a week in average,
and the model predicts 423 single men who work in average 41.8 hours a week.

I present on Figure 11 the evolution of the average labor supply of men and women for di�erent

marital status from 1999 to 2008. The solid lines represents the mean of observed values whereas

the dash lines represent the counterfactual average we would obtain if the matching pattern had

stayed at its 1999 level. As previously said, there would be more high wage single women which

would mechanically increase labor supply of single women and decrease labor supply of married

women. The average e�ect for men is nil but it hides di�erent e�ects for di�erent types of

individuals. Figure 12 represents in 2008 the counterfactual conditional working hours obtained

for married men and women if the matching pattern was still at its 1999 level. High wage women

are less attractive then have a lower bargaining power and their husband (usually high wage

men) would work less. On the contrary, with 1999 a�nity, low wage women are more attractive

and their husbands have to work more.

Figure 11: Counterfactual : labor supply with matching pattern of 1999.
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Figure 12: Counterfactual : labor supply with matching pattern of 1999. Cross section in 2008
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Figure 13 shows counterfactuals of labor supply trends with 1999 preference for consumption

and leisure. It shows that at an aggregate level, labor supply of men would not have changed

whereas labor supply of single women would have increased by 0.5 hours and labor supply of

married women would have increased by almost 2.5 hours.

Figure 13: Counterfactual : labor supply with consumption and leisure preferences of 1999.
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6.3 Simulation of other equilibria

What would change if all women had higher wages whereas men's wages stay the same ? Using

my sample in year 1999, I slightly change the wage distribution of men and women and look at

its impact on di�erent outcomes. I consider the following di�erent scenarios :

• Scenario 1: Women's distribution of wage is uniform on [10£−20£] and the distribution

of men doesn't change.

• Scenario 2: Men's distribution of wage is uniform on [10£− 20£] and the distribution

of women doesn't change.
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• Scenario 3: All single women with a wage inferior to 10 ¿ receive a transfer of 300 ¿

each month.

Table 9: Simulation exercises

1999 Simulated Scenario 1 Scenario 2 Scenario 3
data equilibrium

Matching pattern
Um 424 415 438 348 583
Uf 420 415 461 317 583
Social surplus∗ 1.71× 106 1.99× 106 1.91× 106 1.75× 106

Labor supply
Married men 46.5 46.2 43.7 47.1 45.8
Married women 32.7 32.6 35.9 31.7 31.1
Single men 41.8 41.9 41.6 43.5 41.5
Single women 34.2 34.3 37.6 34.2 30.4
∗ The social surplus is computed as follows∫∫

Wi|j(z) +Wj|i(z)
z>−s(i,j)

n(i, j)didj +
∫
V 0
j uf (j)dj +

∫
V 0
i um(i)di

Scenario 1 When women's wages are higher, there are more single people. Women would not

like to match with men with lower wages than them and stay single. Single women are the richest

and work more by 3.3 hours because of substitution e�ects. Single men work less by 0.3 hours.

Married women work more by 3.3 hours. They now give a transfer to their husband and married

men work less by 2.5 hours due to an income e�ect. The social surplus is higher.

Scenario 2 When men's wages are higher, there are less single people. All women want to

match with higher wage men. Married women work 0.9 hours less because of two opposite e�ects,

a negative income e�ect and a positive bargaining e�ect due to a decrease in their transfer.

Married men work more by 0.9 hours due to a positive substitution e�ect which is reduced by a

bargaining e�ect. Single women work the same and single men work more by 1.6 hours whereas

they get lower wages than married men (through selection e�ects). The social surplus is higher

but less than in Scenario 1.

Scenario 3 When single women get high subsidies, they prefer to stay single than loosing it.

Lot of low wage women are single (consequently lot of low wage men are also single). Married

men work 0.4 hours less and married women work 1.5 hour less because they increase their

bargaining power. Single men work 0.4 less and single women work less by 3.9 hours due to a

big income e�ect. The social surplus is higher (because money come from nowhere here) but

much less than in the last two scenarios.

These simulation exercises would be very interesting to simulate the impact of taxation and family

policy programs on matching patterns and labor supplies. This would require the introduction

of taxation and children. I propose in section 7 a way to introduce these two important features.
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6.4 Is it important to endogeneise the sharing rule ?

The main contribution of this paper is to endogenise the within household sharing rule by taking

into account the formation and separation of couples. What is the size of the error we make if

we don't endogenise the sharing rule ? To assess this gain, I estimate the sharing rule in 1999

with respect to wages. Then for each year between 2000 and 2008, I apply the sharing rule of

1999 on existing married couples and compute their predicted labor supplies. I show on Figure

14 the current working hours conditional on wages in 2008, the labor supply simulated with the

model and the labor supply obtained with the 1999 sharing rule. We see the error is signi�cant.

Not taking into account the new marriage market state, we would underestimate aggregate labor

supply of married men by one hour. Similarly, we would underestimate labor supply of low wage

married women by 0.5 hours and overestimate labor supply of high wage women by 0.5 hours.

Figure 14: Conditional labor supply with exogenous sharing rule
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7 Extensions

7.1 Extension to taxation

Many countries use joint taxation: taxes are based on the household income level and not on

the individual income. Even in countries which use individual taxation as a basis, there can be

a bit of joint taxation to give some bene�ts to low income families. The estimation of collective

models with taxation is a little bit trickier. Donni (2003) and Donni and Moreau (2002) showed

that the decentralization process still applies but needs additional concepts as shadow wages and

shadow non labor income. The household budget constraint with taxation is

ci + cj + C ≤ g[wi(T − di − li) + wj(T − dj − lj)]

with g representing the total labor income revenue net of taxation. Donni de�nes shadow wages
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ω1
i and ω1

j as

ω1
i = wig

′[wi(T − d1i − li) + wj(T − d1j − lj)]

ω1
j = wjg

′[wi(T − d1i − li) + wj(T − d1j − lj)],

And the shadow non labor income as

η = g[wi(T − d1i − li) + wj(T − d1j − lj)]− ω1
i (T − d1i − li)− ω1

j (T − d1l − lj).

The household decentralization process is the following. First the members bargain over the

quantity of domestic production they want to produce and about the sharing rule such that

ti + tj = η. Then each of them maximizes his own utility under his budget constraint

max
ci,li

ui(ci, li)

s.c ci ≤ ω1
i (T − li − d1i ) + ti.

If we consider income support for low income family, we could have a non convex budget set

and it would be di�cult to solve analytically the model (Salanié, 2003). However, if we consider

a negative marginal tax rate (as for instance, we can consider the WFTC in the UK) for low

income household when they are working, we may still have a convex budget set. In this case,

the model can be derived similarly. Wages are replaced by their shadow wages. Equations of

resulting surplus and transfers are derived in appendix.

7.2 Extension to children

Children are not taken into account in this setting. However, I propose a way to introduce

children in that kind of model at the cost of two additional strong assumptions. First, I assume

that when two people decide to match, they immediately and necessarily have children. Second

when a couple separates, it is always the woman who keeps the children15. The marriage market

is then composed of single men without children, single women with or without children and

couples with children. The model is still identi�ed.

The present value of single mothers is di�erent from the present value of single women without

children. The outside option for married women is now to be a single mother, which changes a

little bit the bargaining terms. I present the program of a single woman in appendix as well the

modi�ed Nash bargaining expression and the resulting surplus.

The equilibrium on the market is also di�erent. Single men can match with single women without

children and with single women with children. Then there exist two di�erent match probabilities.

a(i, j) is the match probability of a single woman of type j without children with a single man

of type i when she meets him whereas a(i, j)c is the match probability of a single mother of type

j with a single man of type i when she meets him. The steady-state equation condition becomes

λz(1− acij)Nij = Um(i)λ(Uf (j)aij + U c
f (j)a

c
ij)

15In my data, around 65 % of couples have children, 25 % of single women have children whereas less than 2
% of single men have children.
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Then, we can still recover scij from data by adding hypothesis on the distribution on z and derive

the model. I present the solution in appendix. The estimation is however much more complex.

8 Conclusion

This paper proposes a model which identi�es the impact of matching preferences and marital

sorting on intra-household allocation and labor supply.

First, this model identi�es the total surplus formed by a match. It disentangles what comes

from preferences and complementarities of characteristics and what comes from resource sharing

and productivity. If the total surplus increases in wages of both members of the household, com-

plementarities in characteristics can be higher for same wage couples. Furthermore, it identi�es

changes in matching patterns overtime: high wage women have become more attractive and get

married more easily.

Second this model shows that relative wages and family values have a large impact on the

allocation of resources. High wage women with more traditional family values get higher share

of the couple's surplus both in terms of welfare and monetary resources. I identify the within

household transfers and show that labor supply of men lies between two extreme cases: one

where household members share equally the total resource and one where each partner keeps his

own labor income. The analysis of the evolution over 18 years on the BHPS shows that within

household inequalities of resources have slightly decreased over these years.

Finally, simulations show that initial distributions of characteristics have a signi�cant impact

on matching patterns and resulting labor supplies which con�rm the need to model the marriage

market together with the sharing rule.
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1 Appendix

APPENDIX 1 :

Using equation (2) the surplus of a marriage for a i-type man with a j-type woman is

Bi(V
1
i|j(z)− V 0

i ) =
Q
(
wi(T − d1i ) + ti −Ai

)
r + λz

+
−rBiV

0
i + λz

∫
z′ max(Bi(V

1
i|j(z)− V 0

i ), 0)dG(z
′)

r + λz
,

then we obtain the following formulas for transfers using equation (3)

tiQ = (r + λz)βSij(z) +BirV
0
i − (wi(T − d1i )−Ai)Q

− λz

∫
z′
max(Bi(V

1
i|j(z)− V 0

i ), 0)dG(z
′) (20)

tjQ = (r + λz)(1− β)Sij(z) +BjrV
0
j − (wj(T − d1j )−Aj)Q

− λz

∫
z′
max(Bj(V

1
j|i(z)− V 0

j ), 0)dG(z
′).

As we have ti + tj = −C, we can compute the total surplus by summing the last two equations

Q(wi(T − d1i ) + wj(T − d1j )−Ai −Aj − C)

= (r + λz)Sij(z) +BirV
0
i +BjrV

0
j − λz

∫
z′
max(Sij(z

′), 0)dG(z′). (21)

Using Rij =
wi(T−d1i )+wj(T−d1j )−Ai−Aj−C

1+K1
i +K1

j
, in equation (21), we obtain

QRij(1 +K1
i +K1

j ) = (r + λz)Sij(z) +BirV
0
i +BjrV

0
j − λz

∫
z′
max(Sij(z), 0)dG(z

′).

where Q = (Φ(i, j)+z)(d1i −D1
i )

K1
i (d1j −D1

j )
K1

j = (Φ(i, j)+z)σij where σij is de�ned in equation

12. We get

Sij(z) =
σij

r + λz

(
Φ(i, j) + z −

BirV
0
i +BjrV

0
j − λz

∫
z′ max(Sij(z

′), 0)dG(z′)

σij

)
.

Then using the formula (20), we obtain the expressions for transfers.
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APPENDIX 2 : Additional data description
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Figure 15: Evolution of sample size from 1991 to 2008. Author's computations from the BHPS
population of employed people aged 22-40.
Lecture : in 1992, the sample is composed of 913 couples (of which 553 have children), 383
single men (of which 4 have children) and 434 single women (of which 146 have children)
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(b) Employment rate according to marital
status
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Figure 16: Evolution of the employment rate from 1991 to 2008. Author's computations from
the BHPS population of people aged 22-40
Lecture : in 2000, 75 % of women and 90 % of men have a job. 85 % of single men and 93 %
of married men have a job.
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Figure 17: Average market and domestic work hours conditional on FVI in 1999. BHPS
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APPENDIX 3 : Computational details

The computational method is the one used by Jacquemet and Robin (2013). It is adapted to �t

a 4D-dimensional model. All functions are discretized on a compact domain using Tchebychev

grids. For example, let [x, x] denote the support of male wages, I construct a grid of n+1 points

as

xj =
x+ x

2
+
x− x

2
cos(

jπ

n
), j = 1 . . . n

To estimate wage densities n(x, y), um(x) and uf (y) on those grids, I use kernel density estimators

with twice the usual bandwidth to smooth the density functions in the tails. Indeed, additional

smoothing is required to divide n(x, y) by um(x)uf (y) to calculate a(x, y). (In Matlab, I need

10−16 < a(i, j)).

1.1 The Clenshaw-Curtis quadrature

Many equations involve integrals. Given Tchebychev grids, it is natural to use Clenshaw-Curtis

quadrature to approximate these integrals. The Clenshaw-Curtis method allows to calculate

quadrature weights w′
k such that

∫ 1

−1
f(x)dx =

N∑
k=0

w′
kf(cos(θk)) +Rn,

with Rn, an approximation error. The quadrature weights are

w0 =
1

N

1 +

N
2∑

j=1

2

1− (2j)2

 wN
2
=

1

N

1 +

N
2∑

j=1

2(−1)j

1− (2j)2


wk =

2

N

1 +
(−1)k

1−N2
+

N
2
−1∑

j=1

2

1− (2j)2
cos

(
2jkπ

N

) ∀k = 1, ...,
N

2
− 1.

I use the method of Waldvogel (2006) who derives a simple algorithm to obtain the weights



Marriage Market and Intra-Household Allocation 83

of the Clenshaw-Curtis quadrature using matrices, Féjer'quadrature and Discrete Fourier Trans-

form.

1.2 Interpolation

The fact that CC quadrature relies on Tchebychev polynomials of the �rst kind also allows us

to interpolate functions very easily between points y0 = f(x0), . . . , yn = f(xn) using Discrete

Cosine Transform (DCT) such that

f(x) =

n∑
k=0

YkTk(x) (22)

where Yk are the OLS estimates of the regression of y = (y0, . . . , yn) on Tchebychev polynomials

Tk(x) = cos

(
k arccos

(
x− x+x

2
x−x
2

))
but are more e�ectively calculated using FFT. A MATLAB code for DCT is

Y = y([1:n+1 n:-1:2],:);

Y = real(fft(Y/2/n));

Y = [Y(1,:); Y(2:n,:)+Y(2*n:-1:n+2,:); Y(n+1,:)];

f = @(x) cos(acos((2*x-(xmin+xmax))/(xmax-xmin))*(0:n))*Y(1:n+1);

with y = (y0, . . . , yn). A bidimensional version is

Y = y([1:n+1 n:-1:2],:);

Y = real(fft(Y/2/n));

Y = [Y(1,:); Y(2:n,:)+Y(2*n:-1:n+2,:); Y(n+1,:)];

Y = Y(:,[1:n+1 n:-1:2]);

Y = real(fft(Y'/2/n));

Y = [Y(1,:); Y(2:n,:)+Y(2*n:-1:n+2,:); Y(n+1,:)]';

f=@(x,y) cos(acos((2*x-(xmin+xmax))/(xmax-xmin))*(0:n))*Y(1:n+1,1:n+1)...

*cos((0:n)'*acos((2*y'-(ymin+ymax))/(ymax-ymin)));

I also use a 4D dimensional version to evaluate transfers which depend on 4 variables :

wm, wf , fm, ff . The fact that the grid (x0, . . . , xn) is not uniform and is denser towards the

edges of the support interval allows to minimize the interpolation error and thus avoids the

standard problem of strong oscillations at the edges of the interpolation interval (Runge's phe-

nomenon). Another advantage of DCT is that, having calculated Y0, . . . , Yn, then polynomial

projections of y = (y0, . . . , yn) of any order p ≤ n are obtained by stopping the summation in

(22) at k = p. Finally, it is easy to approximate the derivative f ′ or the primitive
∫
f simply by

di�erentiating or integrating Chebyshev polynomials using

cos(k arccosx)′ =
k sin(k arccosx)

sin(arccosx)
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and ∫
cos(k arccosx) = x if k = 0

= x2/2 if k = 1

=
cos((k + 1)x)

2(k + 1)
− cos((k − 1)x)

2(k − 1)
if k ≥ 1.

In calculating an approximation of the derivative, it is useful to smooth the function by summing

over only a few polynomials. Derivatives are otherwise badly calculated near the boundary.

APPENDIX 4 : Extension to children

1.3 Present value

In this variation, women's preferences for leisure and consumption are the same for women with

children than for women without children. Having children incur a cost for both single mothers

and couples with children. Singles without children do not pay this cost. Married and single

mothers value similarly domestic production with the same preference parameter K1
j and need

the same minimum quantity of housework D1
f . The indirect utility for a j-type single women

with children is

vcj =
(dcj −D1

f )
K1

j (wj(T − dcj)−Aj − C)

Bj
.

The single present value for a single women without children reads

rV 0
j = v0∗j + λ

∫∫
max(V 1

j|i(z)− V 0
j , 0)1(V

1
i|j(z) > V 0

i )Um(i)dG(z)di.

The single present value for a single women with children reads

rV c
j = vc∗j + λ

∫∫
max(V 1

j|i(z)− V c
j , 0)1(V

1
i|j(z) > V 0

i )Um(i)dG(z)di.

A single man can now meet either a woman without children or a single mother. His present

value is

rV 0
i = v0∗i + λ

∫∫
max(V 1

i|j(z)− V 0
i , 0)1(V

1
j|i(z) > V 0

j )Uf (j)dG(z)dj

+ λ

∫∫
max(V 1

i|j(z)− V 0
i , 0)1(V

1
j|i(z) > V c

j )U
c
f (j)dG(z)dj.

When the couple breaks up, the woman becomes a single mother and the man becomes a single

man without children. The present values of members of a couple are:

rV 1
j|i(z) = v0∗j + λz

∫
z
max(V 1

j|i(z
′)− V c

j , 0)1(V
1
i|j(z) > V 0

i )Um(i)dG(z)di

rV 1
i|j(z) = v0∗i + λz

∫
z
max(V 1

i|j(z
′)− V 0

i , 0)1(V
1
j|i(z) > V c

j )Uf (j)dG(z)dj.
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1.4 Surplus, Nash bargaining and transfers

When the two members of the couple bargain, the outside option for the man is still his single

present value whereas the outside option of the woman is now a single mother present value.

The Nash bargaining is now modeled by the following program

max(V 1
i|j(z)− V 0

i )
β(V 1

j|i(z)− V c
j )

1−β

s.c ti + tj = −C,

whose solution gives

Bi(V
1
i|j(z)− V 0

i ) = βSij(z) (23)

Bj(V
1
j|i(z)− V c

j ) = (1− β)Sij(z).

where Sij(z) is still linear in z and equals
σij

r+λz
(scij + z).

When a single woman without children meets a man, she knows that she will get children if she

marries him and that her outside option will be the one of a single mother. In this case, the

surplus for a woman without children is di�erent for a woman with children. And a match of a

woman without children of type j with a man of type i under circumstance z can be valuable for

the man and not for the woman, whereas it would have been valuable for a single mother of type

j. The match probability between a single mother of type j who meets a single man of type i is

acij = P(V 1
j|i(z)− V c

j > 0) = P(z > −scij),

whereas the probability that a woman type j without children match with a man of type i when

she meets one can be written :

aij = P(V 1
j|i(z)− V 0

j > 0 & V 1
i|j(z)− V 0

i > 0).

After some algebra16 we can similarly write

aij = P
(
z > −scij +max

(
0, (V 0

j − V c
j )
Bj(r + λz)

σij(1− β)

))
.

This last expression shows us that a match will be more valuable for a single woman without

children if her single value with a child is large. It reminds us the result of the job market

16

aij = P(V 1
j|i(z)− V 0

j > 0 & V 1
i|j(z)− V 0

i > 0)

= P(V 1
j|i(z)− V c

j + V c
j − V 0

j > 0 & V 1
j|i(z)− V c

j > 0)

= P
(

(1− β)σij

(r + λz)Bj
(scij + z) + V c

j − V 0
j > 0 & z > −scij

)
= P

(
z > (V 0

j − V c
j )

Bj(r + λz)

σij(1− β)
− scij & z > −scij

)
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search : the reservation wage of non-participants lowers when the unemployment bene�ts for the

unemployed rise.

(V 0
j − V c

j ) is complex to derive and can be computed recursively as follows.

rV 0
j − rV c

j = v0∗j − vc∗j + λ

∫∫
max(V 1

j|i(z)− V 0
j , 0)1(V

1
i|j(z) > V 0

i )Um(i)didG(z)

− λ

∫∫
max(V 1

j|i(z)− V c
j , 0)1(V

1
i|j(z) > V 0

i )Um(i)didG(z)

= v0∗j − vc∗j + λ

∫∫
(max(V 1

j|i(z)− V 0
j , 0)−max(V 1

j|i(z)− V c
j , 0))1(V

1
j|i(z) > V c

j )Um(i)didG(z)

= v0∗j − vc∗j + λ

∫∫
(max(V 1

j|i(z)− V 0
j , 0)− V 1

j|i(z) + V c
j )1(V

1
j|i(z) > V c

j )Um(i)didG(z)

= v0∗j − vc∗j + λ(V c
j − V 0

j )

∫
i
aijUm(i)di− λ

∫∫
(V 1

j|i(z)− V c
j )1(V

0
j > V 1

j|i(z) > V c
j )Um(i)didG(z),

then(
r + λ

∫
aijUm(i)

)
Bj(V

0
j − V c

j ) = Bj(v
0∗
j − vc∗j )

− λ

∫∫
Bj(V

1
j|i(z)− V c

j )1(0 < V 1
j|i(z)− V c

j < V 0
j − V c

j )Um(i)dG(z)

= Bj(v
0∗
j − vc∗j )

− λ
1− β

(r + λz)

∫
σijUm(i)di

∫ z>−scij+
Bj(V

0
j −V c

j )(r+λz)

(1−β)σij

z>−scij

(scij + z)dG(z),

with

∫ z>−scij+
Bj(V

0
j −V c

j )(r+λz)

(1−β)σij

z>−scij

(scij + z)dFz(z) =

scij(a
c
ij − aij) + σ

(
ϕ

(
scij
σ

)
− ϕ

(
scij
σ

+
Bj(V

0
j − V c

j )(r + λz)

σ(1− β)σij

))
.

We obtain a complex recursive formula for V 0
j − V c

j . I use a �xed point algorithm to estimate

it. First I suppose that V 0
j − V c

j = 0 and I compute aij as follows

aij = P(V 1
j|i(z)− V 0

j > 0 & V 1
i|j(z)− V 0

i > 0)

= P(V 1
i|j(z)− V 0

i > 0)

= acij ,

with
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λz(1− acij)Nij = Um(i)λ(Uf (j)aij + U c
f (j)a

c
ij).

Then I �nd a new value for V 0
j − V c

j using

V 0
j − V c

j =
v0∗j − vc∗j

r + λ
∫
i aijUm(i)

.

Finally I use my new estimate as an initial value and resume the process until convergence.

APPENDIX 5 : Extension to taxation

Let R denotes labor income and τ1, τ2, τ3 denote the subsidies rates. Let us consider the function

g which represents the total labor income net of transfer and taxes such that

g(R) = R+ τ1R1R≤A1 + τ2R1A1<R≤A2 + τ3R1R>A2 ,

with τ1 > τ2 > τ3 > 0 and g′(R) = g(R)
R . Then the shadow wages and income are

ω1
i = wi(1 + τ11R≤A1 + τ21A1<R≤A2 + τ31R>A2)

ω1
j = wj(1 + τ11R≤A1 + τ21A1<R≤A2 + τ31R>A2

η = 0.

The indirect of singles remains

v0i =
(di −Dm)Km(wi(T − dm)−Ai(wi))

Bi(wi)
,

and the indirect utility when married becomes

v1i = Q
ω1
i (T − di) + t′i −Ai(ω

1
i )

Bi(ω1
i )

.

Then the surplus equation becomes

sij = Φ(i, j)−
BirV

0
i +BjrV

0
j

σij(ω1
i , ω

1
j )

+
λz

r + λz

∫
z′
max(sij + z′, 0)dG(z′),

where the single present value reads

Bi(rV
0
i − v0∗i ) =

βλ

r + λz

∫
fj
σij(ω

1
i , ω

1
j )µ(a(i, j))duf (j)dj,

and the new transfer is

t′i = βRij(ω
1
i , ω

1
j )− (ω1

i (T − di)−Ai(ω
1
i )) +

(1− β)BirV
0
i − βBjrV

0
j

Q
.

If we assume that Ai and Aj are linear in wages and the logarithm of Bi and Bj are linear in
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the logarithm of the wage (Cobb Douglas speci�cation of utility), then

Ai(wi) = a1i + a0iwi

logBi(wi) = (1− b1i ) logwi.

In that case we obtain
B′

i
Bi

=
1−b1i
wi

and the labor supply equations for married men and single

men rewrite

h1i = T − d1i − a1i −
1− b1i
ω1
i

(ω1
i (T − d1i ) + t′i − a1iω

1
i − a0i )

h0i = T − d0i − a1i −
1− b1i
wi

(wi(T − d0i )− a1iwi − a0i ).

h1i can be rewritten

h1i = T − d1i − a1i −
1− b1i
ωi

(ωi(T − d1i ) + t′i − a1iωi − a0i )

= T − d1i − a1i −
1− b1i
g′wi

(g′wi(T − d1i ) + t′i − a1i g
′wi − a0i )

= T − d1i − a1i −
1− b1i
wi

(wi(T − d1i ) +
t′i − a0i
g′

− a1iwi)

and h0i doesn't change. Then a
1
m, a

0
m, a

1
f , a

0
f , b

1
m and b1f are still identi�able.

APPENDIX 6 : Generalized Additive Models

This explanation has been developed in Chiappori et al. (2012b). Generalized additive models

(GAM) were introduced by Hastie and Tibshirani (1986). They model a variable yi by assuming

that its distribution around its mean belongs to the exponential family and by modeling the

mean as a sum of smooth functions of subvectors of the covariates (Xi). To estimate my GAM

models, I use the methods described by Wood (2006); I use his implementation in the mgcv

package of R, which incorporates the improved algorithm of Wood (2008). More precisely, one

writes

E(yi|X) =

J∑
j=1

fj(X
j
i )

where each Xj
i is a user-de�ned subvector of Xi, and the fj are to be estimated; and the user

also chooses the distribution of the error term (yi−Eyi) within the exponential family. Modeling

starts by choosing a rich family of basis functions (typically splines) (bjk) for k = 1...Kj with a

maximal order Kj chosen large enough. Then

fj(X
j
i ) =

Kj∑
k=1

βjkbjk(X
j
i )
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Finally, the generalized R2 cited in the text are de�ned as the ratio
(
1− EV(y|X)

V(y)

)
.
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Part III

Grade retention in French Junior High

School

91





Chapter 3

Why do Inequalities in 15-year-old

Cognitive Skills Increase in France

between 2000 and 2009?

Abstract

PISA data show that inequalities in French student performances have increased between 2000

and 2009: the share of low-achieving students has increased while the share of high-achieving

students has remained roughly the same. We consider that the French educational system has

contemporaneously experienced two main changes: �rst new sorting practices triggered by a de-

cline in grade retention, and second successive extensions of special education zones. Our study

aims at assessing to what extent the change in the performance distribution over time can be

attributed to those policy changes. We analyze the general decline in students' test scores by

using distributional decomposition techniques. Score gaps are decomposed into their detailed

components based on the multivariate regression of cognitive achievement on many observable

variables related to student, family, school and institutional characteristics. The decomposition

results show that most of the changes in performance distribution between 2000 and 2009 seem

related to the declining quality of the French educational system rather than to shifts in students'

composition. Our �ndings suggest that the increasingly negative e�ect of grade retention out-

weighs the positive evolution in students' composition due to the decline in retention practices.

Secondly, the extension of areas targeted for special help and a lesser e�ciency of that policy have

contributed to the decline in reading performances of lowest-achieving students.Finally around

two thirds of the decline in the score of the 20 percent lowest performers are related to changes

in sorting practices and in special education policy.

93
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1 Introduction

As reading literacy is the primary focus of the Program for International Student Assessment

(PISA) in 2000 and in 2009, the publication of PISA 2009 outcomes has paved the way for

particularly sharp comparisons of country's performance in reading over the 2000 decade.

Among developed countries, France comes out as an interesting study case: whereas the average

variation in student reading performance has decreased by 3% across OECD between 2000

and 2009 (OECD, 2010b), it has increased by more than 15% in France. Other European

countries, namely Sweden, Italy, Iceland and Spain, also experienced a signi�cant increase

in performance dispersion but that increase did not exceed 15%. Among OECD countries,

only Japan and Korea saw a larger rise in inequality than France. Like in Sweden, perfor-

mance variation in France increased due to a decline in the performance of low-achieving

students, while the score of the highest-achieving students remained roughly the same. The

rise in performance variation is consequently associated with a decline, yet moderate, in

the overall reading performance of 15-year-old students between 2000 and 2009 in France.

Identifying the sources of change in France's reading performances can help policy makers

design e�ective policies to overcome inequalities in learning opportunities and declining overall

performance. Thus the question arises how the quality of the French educational system has

changed across the 2000 decade and whether this can explain the rise in performance inequalities.

We consider that French educational system has contemporaneously experienced two main

relevant changes: a decline in retention rates and successive extensions of areas targeted for spe-

cial help in education. The decline in retention rates in France has been motivated by two factors.

First, past international large-scale surveys, such as TIMSS1, PIRLS2 and more recently PISA,

brought out France, together with Luxembourg, Spain, Portugal, Belgium and the Netherlands,

as a country with high retention rates (OECD, 2004, 2010a). Second, French past research in ed-

ucation pointed out the lack of e�ciency and of equity of grade retention (Levasseur and Seibel,

1985; Grisay, 1993). A change in students sorting practices has consequently been implemented

since the beginning of the 1990s. To our knowledge, while short and long-term e�ects of grade

retention on students' achievement have been considerably examined (see Jimerson et al. (2006)

for a meta-analysis), there has not been any assessment of the decline in grade retention over the

last years in France. Yet we expect the decline in grade retention to have a�ected student per-

formance distribution. The French educational system has experienced a second major change:

successive expansions of areas targeted for special help. Many OECD countries, such as the

United States, Great Britain, Portugal and Belgium, have adopted compensatory education pro-

grams that channel supplementary teaching resources to disadvantaged schools (Bénabou et al.,

2009). The program "Zones d'Education Prioritaires" (Priority Education Zones, henceforth

ZEP) was launched in 1982 in France: it provides selected schools (mostly primary and mid-

dle schools but also few high schools which concentrate a high share of disadvantaged students

with low levels of educational achievement) with additional funds, smaller class size and more

teaching hours. Originally meant to be temporary, the program was instead maintained in the

1Trends in International Mathematics and Sciences Study.
2Progress in International Reading Literacy Study.
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initially targeted areas and it was successively extended to other areas. Assessments of the ZEP

policy found mixed results regarding their impact on students' achievement and attitude towards

school (Caille, 2001; Meuret, 1994; Piketty and Valdenaire, 2006; Bénabou et al., 2009). Besides,

within the French education community, few researchers have argued that the extension of the

program to other schools has led to diluting extra resources directed to selected schools (Maurin,

2004; Merle, 2012). We believe that this might have contributed to the increase of low-achievers

intake.

This article assesses the extent to which the rise in performance inequalities over time can be

attributed to those two policy shifts: the decline in grade retentions and successive extensions

of compensatory education programs. Based on the investigation of French PISA 2000 and 2009

datasets, we analyze changes in students' test scores by using decomposition techniques of mean

and quantile scores di�erential. The decomposition results show that 15-year-old students in

France in 2009 might have slightly less favorable characteristics than their counterparts in 2000,

but most importantly, that, except higher-achieving students, they experience lower returns

to school's institutional characteristics than their counterparts in 2000. In fact most of the

changes in performance distribution between 2000 and 2009 seem related to the declining quality

of the French educational system rather than to shifts in students' composition. Our �ndings

suggest that the increasingly negative e�ect of grade retention outweighs the positive evolution in

students' composition due to the decline in retention practices. Secondly, the extension of areas

targeted for special help and a lesser e�ciency of that policy have contributed to the decline

in reading performances of lowest-achieving students.Finally around two thirds of the decline in

the score of the 20 percent lowest performers are related to changes in sorting practices and in

special education policy.

The paper is organized as follows. In Section 2, we describe the main changes in French ed-

ucational policies and we discuss their expected consequences on student reading performance.

Section 3 introduces PISA 2000 and 2009 datasets and the variables selected for temporal com-

parisons. Section 4 describes the Oaxaca-Blinder and Firpo-Fortin-Lemieux decomposition tech-

niques. Decomposition results and robustness checks are presented in Section 5. Section 6

summarizes and discusses our main �ndings and their political implications.

2 Main changes in French educational policies and their expected

consequences on 15-year-old performances

Change in 15-year-old students' reading performances might result from changes in the produc-

tion process of schooling within the French educational system. Since PISA tests assess students'

achievement around the end of compulsory schooling, it is worth considering any change which

could have a�ected students' learning conditions from their entry in primary school in September

of the civil year they turn 6. The PISA 2000 cohort was born in year 1984 and entered primary

school in 1990, whereas the PISA 2009 cohort was born nine years later in 1993 and entered

primary school in 1999. We should consequently pay particular attention to the main changes

which occur in the French educational system between 1990 and 2009. We reviewed the possible

variations in the main organizational dimensions (Jonsson and Erikson, 2000; Le Donné, 2014)
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of the French educational system. The reinforcement of the plan attributed catchment areas to

schools implemented from 1997 up to 2007 has barely a�ected the allocation of students across

schools and a fortiori students' learning conditions (Van Zanten and Obin, 2008). The size and

the operating principles of the private paying sector have remained roughly the same across the

last two decades (MEN, 1998, 2009). However a decline in retention rates and successive exten-

sions of areas targeted for special help in education are two institutional shifts which deserve to

be examined in depth.

2.1 The decline in retention rates

The aim of reducing retention rates in primary and lower-secondary education is one component

of the "politique des cycles" ("cycles policy") launched by the 1989 Education Orientation Law in

France. This political recommendation follows on from several French studies showing negative

e�ects of grade retention on students' academic achievement (Levasseur and Seibel, 1985; Grisay,

1993) and from international surveys bringing out France as a country with very high retention

rates. Since 1989 retention rates have e�ectively declined in France: the share of students having

repeated a grade during primary school equaled 20%, respectively 16%, at the time where the

PISA 2000 cohort, respectively the PISA 2009 cohort, reached the end of primary school (MEN,

1998, 2009). Retention rates during lower-secondary education have also decreased by around

3 percentage points within the nine years that separate the enrollment of PISA 2000 and 2009

cohorts in those grades (MEN, 1998, 2009).

The fall in retention practices has necessarily modi�ed the allocation of 15-year-old students

into the di�erent grades and tracks available in the French educational system. In the 1990s like

in the 2000s, primary and lower-secondary education corresponds to a comprehensive system (see

Figure 1): pupils are �rstly enrolled from the age of 6 in primary schools which last �ve grades,

then from the age of 11 in the so-called "collèges" which are uni�ed four-grade middle schools. At

the end of middle school, students are allocated into two main tracks: either into the general and

technological track which delivers "baccalauréat" and prepares to academic tertiary education,

or into the vocational track which delivers vocational quali�cations and possibly thereafter a

vocational "baccalauréat". 15-year-old students who have never been retained are consequently

enrolled in high school, either in the general or in the vocational track, whereas 15-year-old

students who have repeated at least one grade are still enrolled in middle school. The decline

in retention rates has led to a signi�cant decline in the share of 15-year-old students enrolled in

middle school and to an increase in the shares of 15-year-old students enrolled in high school, in

the general or in the vocational tracks.
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Figure 1: French school system

While many French and international studies have examined short and long-term e�ects of

grade retention on students' achievement (for a meta-analysis see Jimerson et al. (2006)), as far

as we know, there has not been any assessment of the decline in retention rates in France. The

question arises yet how the more frequent promotion of students to next grades has a�ected stu-

dent cognitive enhancement. To structure the investigation, we break down the whole student

population into three notional groups: students "henceforth promoted", who would have proba-

bly been retained in 2000 but who are promoted in 2009 thank to new sorting recommendations;

students who are "always promoted", whose risk of retention is low irrespective of retention prac-

tices; and students who are "always retained", whose probability of retention is high irrespective

of retention practices. For those students who would have been retained in the past but who have

"henceforth been promoted" to next grades, we expect that this promotion has been positive

for their cognitive enhancement. Indeed, those students do not experience the stigma generally

associated with grade retention (Jackson, 1975; Reynolds, 1992) and, if their schooling level is

su�cient, they might bene�t from a more demanding and advantageous schooling environment,

in particular if they are enrolled in the general track of high school.
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The recent promotion of those students might also have negative e�ects on the performances

of students who are "always promoted", irrespective of retention practices. Studies about the

change from a selective educational system to a comprehensive uni�ed system in the United

Kingdom concluded that performances of high-achieving students have been weakened by the new

presence of low-achieving peers within the uni�ed general track (Galindo-Rueda and Vignoles,

2007; Manning and Pischke, 2006). But studies assessing comprehensive experiments in Europe

and in the United States rather show that the positive e�ects of the reform for low-achieving

students exceed the negative e�ects for high-achieving students (Gamoran, 1996; Figlio and Page,

2002; Palme and Meghir, 2005; Maurin, 2007; Pekkarinen et al., 2009; Jakubowski et al., 2010).

Lastly, the decline in retention rates might also a�ect the cognitive achievement of "al-

ways retained" students. Since retention rates have declined, retention decisions are likely to

be based on di�erent motives and generate di�erent short-term e�ects on students' educa-

tional success. If grade repetition has recently been more intended as a measure of support

(Kloosterman and de Graaf, 2010), i.e. as a real second chance for students coping with signi�-

cant di�culties, we assume that the fall in grade retention would have more pro�ted to retained

students of recent birth cohorts than of previous ones. But if grade retention has more often

been used as a mean to reduce schooling heterogeneity and if it is associated with a higher stigma

in the recent context of declining retention practices, it might restrain even more than before

students' cognitive enhancement. As grade retention is more often used as a mean to reduce

schooling heterogeneity in France than in other OECD contries (Mons, 2007), we privilege the

latter hypothesis over the former one.

2.2 The extension of "Zones d'Education Prioritaires"

The French educational system has experienced a second major change: the extension of "Zones

d'Education Prioritaires" (ZEP). Launched in 1982, the ZEP policy aims at reducing schooling

inequality by strengthening schooling action towards areas with a high concentration of disad-

vantaged populations. The ZEP program provides extra funding and teaching resources mainly

to primary and middle schools (but also to few high schools) located in targeted areas and al-

low them to develop educational projects (for a description of this policy, see Bénabou et al.

(2009)). Since its �rst implementation, the program has successively been expanded to other

disadvantaged areas and has consequently concerned more and more students. The share of

lower-secondary students enrolled in schools targeted for special help amounts to 10% in 1982,

14.3% in 1997 and to about 20% in 2009 (MEN, 1998, 2009). A French diagnosis report notes

that many of the schools originally targeted by the program do not meet its criteria anymore

since their composition and their overall achievement have improved. But none of them have

been removed from the program yet, while newly disadvantaged schools have joined it. De-

spite successive extensions of the policy, social composition of ZEP schools has consequently not

changed over time (Bénabou et al., 2009).

Past studies show mixed e�ects regarding the ZEP policy. First the ZEP program has re-

sulted in smaller class sizes and in more teaching hours (Bénabou et al., 2009; Merle, 2012).

However the additional resources channelled to ZEP schools have not always o�set their initial

lack of resources: some ZEP schools still have fewer funds than non-ZEP schools, in spite of the
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policy (Moisan and Simon, 1998). Nonetheless additional teaching resources have led to pos-

itive short-term e�ects on cognitive achievement of students enrolled in ZEP primary schools

(Piketty and Valdenaire, 2006; Bressoux et al., 2009) and on educational attitudes of ZEP mid-

dle school students (Meuret, 1994). The ZEP policy was found to have no long-term e�ect on

students' educational attainment: at given social characteristics, ZEP students have as many

chances as non-ZEP students to get any French degree, to reach the 8th and the 10th grades or

to become "baccalauréat" incumbents (Caille, 2001; Bénabou et al., 2009).

The ZEP policy also triggered negative signalling e�ects. The ZEP status might have signalled

low probability of educational success to students enrolled in targeted schools and it might

have weakened student learning motivations (Merle, 2012). But, above all, the ZEP status

had negative consequences on educational professionals. Despite �nancial incentives created to

attract teachers, ZEP schools have experienced sharper teacher shortfall, higher turn-over rates,

more temporary and delayed teacher a�ectations, and higher shares of less-experienced teachers

(Bénabou et al., 2009). The negative signaling e�ects of the ZEP policy might have o�set the

positives e�ects related to smaller class size and more teaching hours.

We further assume that the geographical and numerical extension of the ZEP policy has

a�ected 15-year-old students' performances. Existing research argues that the ZEP expansion

has led to a dilution of the amount of extra resources per school (Maurin, 2004; Merle, 2012).

As the ZEP status concerns more and more schools in 2009 than in 2000, while providing less

�nancial and teaching resources to each targeted school, we expect the policy to be less e�cient.

Thus the ZEP extension could explain part of the decline in low-achieving student performance

and consequently part of the rise in inequalities among 15-year-olds in France.

3 French PISA 2000 and 2009 data

The design of the Programme for International Student Assessment (PISA) does not only

enable international comparisons of countries in terms of their learning outcomes, it also allows

temporal comparisons of students' performance within countries. Conducted every 3 years since

2000, each PISA survey assesses one of three core domains in depth (considered the major

domain) among reading, mathematics and sciences. PISA cycle started in 2000 with reading

literacy as the major subject area. After a complete rotation of the three domains of assessment,

reading is again the primary focus of PISA in 2009. For the �rst time since PISA launch, it is

possible to obtain detailed comparison of how student performance in the major domain has

changed3, that is the reason why this article is focused on inequalities in reading achievement and

not in mathematics or in sciences. One should also keep in mind that PISA, like any assessment

instrument, gives a partial and relative picture of students' skills. In particular, PISA does not

test French or any national curriculum in reading but the ability of students to understand, use

and re�ect on written texts in order to achieve their goals, acquire new knowledge and participate

in society (Schleicher, 1999). One should also acknowledge that PISA data are not longitudinal

(Goldstein, 2004), and especially that they do not include measures of student past cognitive

performances. This will make it impossible to disentangle what is related to student's academic

341 out of the 130 PISA reading items used in the PISA 2009 reading test were taken from the PISA 2000
assessment (OECD, 2010b)
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ability before grade repetition or before entering a ZEP middle school from the actual e�ect

of being retained in the same grade or from the actual consequences of belonging to a ZEP school.

Reading performances in 2000 and 2009 are directly comparable across time: the PISA 2000

average score across 28 OECD countries was set at 500 and the standard deviation at 100,

establishing the scale against which reading performance in PISA 2009 is compared (OECD,

2010b)4. France's average score in reading have substantially decreased over the 2000 decade

by more than 10 points (10% of the OECD standard deviation): it amounts to 513.6 points in

2000 and only 503.4 points in 2009 (see Table 1)5. The decline in reading average performance

results mainly from an increasing share of low-achieving students, although the share of high-

achieving students has also slightly extended as well (see Figure 2). The performance dispersion

is consequently larger in 2009 than in 2000 (the standard deviation equals 102.1 score points in

2009 and only 87.7 in 2000).

Table 1: Comparison of average test score in reading

Average test score

PISA 2000 513.58 (1.38)
PISA 2009 503.38 (1.67)
Di�erence -10.21 (2.16)

4The PISA 2009 OECD average is 496 in 2009, while the reading performance scale remained unchanged.
5The average scores displayed are slightly greater than the ones mentioned in OECD publications, since we

computed them using the �rst plausible value of student's performance, on PISA samples cleaned from missing
values for the variables introduced in our decomposition analyses.
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Figure 2: Reading Score density in 2000 and 2009
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The sampling design used for PISA assessments is a two-stage strati�ed sample with the

�rst-stage units consisting of schools having 15-year-old students and the second-stage units

being students (Wu and Adams, 2002). PISA surveys targets students regardless of the type of

educational institutions in which they are enrolled, during the spring of the civil year they turn

16. French PISA data presents two particularities one should be aware of. Firstly, the de�nition

of PISA sampled schools in France generally di�ers from other countries. Thus 15-year-old

students sampled in each school cannot be considered as representative of students enrolled in

the same grade level in that school. It is particularly true for students enrolled in sampled middle

schools: those students have been retained at least once in the past and they greatly di�er in

terms of social characteristics and past schooling outcomes from 14-year-old students enrolled in

the same grade level. This speci�city has some incidence on the estimation strategy. PISA data

are generally analyzed with multilevel models allowing for random intercepts at the school level.

But in the French case, those models are not necessary since, like linear regression models, they

fail to take into account the potential e�ects that may arise from the way students are assigned

to schools. That is the reason why we privilege linear model estimations for performing our

decompositions but we also check for multilevel speci�cations (see Section 5.3).

Secondly, except in 2000, France did not implement the PISA school questionnaire so

that the rich information collected on French schools in 2000 cannot be put in perspective

with comparable data in 2009. Through the intermediary of the Evaluation, Forecasting and

Performance Department of the French Ministry of National Education, we have two additional

variables at our disposal for year 2009: school's sector (coded as a dummy variable which equals

one if the student is enrolled in a private school) and, more interestingly, school's belonging to



102 Education and Family Economics - Chapter 3

ZEP program (coded as a dummy variable as well).

Table 2 provides descriptive statistics on the samples of students assessed in 2000 and 2009. It

shows to what extent the population composition changes between 2000 and 2009. The handling

of missing values for variables listed in the table resulted in a sample of 4149 students in 176

schools for year 2000 and of 3957 students in 168 schools in 2009. Observations are weighted

with the �nal student weights.

Since our article aims at assessing whether main changes in the organisation of the French

educational system have a�ected student reading performance, our main variables of interest

relate to students' educational characteristics. Student's school track in the French educational

system is coded with the help of dummy variables which describe a complete set of exclusive

events: being enrolled in the general track of high school, in the vocational track of high school

or in middle school. Since 15-year-old students enrolled in middle school who have never been

retained are very rare (those students are generally recent migrant students), student's location

in middle school is a very good proxy for past retention6. As expected, the share of students

enrolled in lower-secondary education, that is to say, the share of students who have been retained

has decreased by about 3%, but still remains high in 2009 (34.6%, see Table 2). Mechanically

the shares of students enrolled in vocational and in general upper-secondary education have

respectively increased by 1% and 2%. With respect to special education zones, PISA data

clearly show their extension: in 2000 only 5.6% of 15-year-old students are enrolled in ZEP

schools, while they are 8.5% in 2009. Accordingly average class size in schools having 15-year-old

students has simultaneously decreased by 0.3 student. As expected, the relative sizes of the

public and the private sectors have remained the same across the 2000 decade.

Performance distribution moves between 2000 and 2009 may not only be due to changes in the

production process of education in France but also to changes in students' social characteristics.

Thus we are also willing to account for modi�cations in student population composition. Among

students' personal and familial characteristics that are known to play a major role in students'

schooling achievement, we select PISA variables which are common to PISA 2000 and 2009

datasets and which are highly comparable across time: student's month of birth, gender and

migration status (coded with the help of three dummy variables: 'both parents are both born

abroad', 'one parent is born abroad', and 'language most often spoken at home is not French').

The share of students whose parents are born abroad has slightly increased (by 1%) between

2000 and 2009, and besides the share of students most often speaking another language than

French with their family has more enlarged (by 2%).7 Conversely we have serious concerns

about the temporal comparability of variables related to student's family structure8. However,

given the important role of family composition in student's achievement (Sassler et al., 2013),

we will take the liberty to cautiously introduce the dummy identifying single-parent families as a

6In 2000, students have not been interrogated about their past grade retention(s). In 2009, the share of
students declaring having repeated a grade once in the past is slightly greater than the share of students enrolled
in lower-secondary education. One advantage for considering student's enrollment in lower-secondary education
instead of student's declaration of grade repetition is that it allows avoiding any desirability bias.

7This is consistent with changes observed by Prioux and Barbieri (2012) in migrant population size from
French yearly censuses.

8The question statement related to student's home composition in 2000 is ambiguous and has probably led
to an underestimation of single-parent families in 2000.
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control variable in complementary analysis. We also consider two measures of social background9:

parents' highest international socioeconomic index (HISEI)10 which takes values between 0 and

74 and number of books at home11 gathered into four categories (0-10; 11-100; 101-500; more

than 500 books). Quite surprisingly, the average socioeconomic index has decreased by 1.6 points

in 9 years of time. This might be due to the increasing share of 15-year-old students living in

single-parent and in migrant families, but we cannot exclude it to be due to some sampling bias.

It is interesting to note that the average number of books at home has decreased as well, in

accordance with the digital development.

It is wise not only considering changes in students' social characteristics (for instance an

increasing share of migrant students) but also changes in the way students are allocated to

schooling contexts according to their characteristics (for instance an increasing schooling segre-

gation of migration students). We consequently built several school composition variables: the

share of girls, the share of students with both parents born abroad, the share of students having

more than 100 books at home and the average HISEI in the school. To compute the school-

level indicators listed in Table 2, we use answers provided by 15-year-old students selected in the

PISA sampled schools. As regards the aforementioned de�nition of PISA schools in France, these

composition variables might signi�cantly di�er from the actual school composition. In the case

of middle schools, composition variables are computed based on answers from retained students

who represent a small and special segment of students enrolled in that type of schools. Following

education research showing important school composition e�ects, we will allow ourselves to check

the robustness of our results against the cautious introduction of those composition variables.

9The index of Economic, Social and Cultural Status which has been used in many secondary analyses of PISA
datasets is not present in PISA 2000.

10The International Socioeconomic Index has been built by Ganzeboom et al. (1992). It assigns to each
occupational category a score corresponding to the weighted average of education and income. It originally takes
values between 16 and 90 but we rescaled it from 0 to 74 for decomposition purposes.

11Cultural possessions such as books re�ect both cultural and �nancial resources available in the household
and are known to have a strong e�ect on student achievement (Van de Werfhorst and Mijs, 2010).
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Table 2: Descriptive statistics

Variables 2000 2009

Month of birth 5.5 (0.05) 5.7 (0.06)
Girl 52.1 (0.79) 51.9 (0.81)
Single-parent family 10.4 (0.48) 14.8 (0.57)

Immigration Backgound
Both parents born abroad 10.8 (0.49) 11.8 (0.52)
One parent born abroad 12.8 (0.53) 12.6 (0.54)
Language most often spoken at home is not French 4.2 (0.32) 6.2 (0.39)

Socioeconomic background
Parents' HISEI 32.5 (0.27) 30.9 (0.27)
11-100 books 43.8 (0.78) 47.3 (0.81)
101-500 books 36.2 (0.76) 31.6 (0.75)
> 500 books 8.8 (0.45) 7.6 (0.42)

School composition
Share of students having more than 100 books 45.0 (0.30) 39.2 (0.38)
Average class size 27.5 (0.07) 27.2 (0.09)

School track
Lower-secondary education 37.3 (0.76) 34.6 (0.78)
Vocational upper-secondary education 7.9 (0.4) 8.9 (0.48)

Special education zones 5.6 (0.37) 8.5 (0.46)

Private sector 22.2 (0.66) 21.8 (0.67)

Number of schools 176 168

Number of students 4149 3957

4 Decomposition techniques

We analyze changes in students' test scores by using decomposition techniques of mean and

quantile scores di�erentials12. Decomposition methods assign di�erences in test scores either to

di�erences in students' and schools' characteristics over time (explained variation) or to changes

in returns to those characteristics in terms of tests scores, i.e. in the quality of the educational

system (unexplained variation). The explained part (composition e�ect) measures how much

students of 2009 would have scored di�erently, if, given their own returns to characteristics in

terms of performances, they had the same characteristics as students of 2000. The unexplained

part (return e�ect) measures how much students of 2000 would have scored di�erently, if they

experienced the production process of schooling of 2009, that is to say the same transformation

of inputs into educational performances as students in 2009, given their own characteristics.

We can further perform a detailed decomposition: we decompose score gaps into their detailed

components based on the multivariate regression of cognitive achievement on many observable

variables related to student, family, school and institutional characteristics. The next two subsec-

tions present formally the decomposition methods, the classical Oaxaca-Blinder decomposition

12Decomposition methods developed by Oaxaca (1973) and Blinder (1973) have already been applied to PISA
data to study score di�erences between countries (Ammermueller, 2008) and also between di�erent dates in a
same country (Barrera-Osorio et al., 2011; Gigena et al., 2011).
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of the mean and its extension to quantile decomposition.

4.1 The Oaxaca-Blinder decomposition of the mean

We want to decompose the di�erence in the mean of test score between 2000 and 2009. Let Y

denote the test score and T the year of the evaluation with T = 0 in 2000 and T = 1 in 2009.

We observe K characteristics X1, ..., XK which have an impact on Y and we postulate a linear

model for Y . Then, we have for each individual i, the following relation

YTi = β0T +
K∑
k=1

Xk
i β

k
T + εTi, T = 0, 1,

where we assume conditionally independent errors (E(ε|X) = 0). The overall gap∆O = E(Y |T =

1)− E(Y |T = 0) can be decomposed as follows

∆O = E(Y |T = 1)− E(Y |T = 0)

= E(E(Y |X)|T = 1)− E(E(Y |X)|T = 0)

= (β01 − β00) +

K∑
k=1

E(Xk|T = 1)(βk1 − βk0 )︸ ︷︷ ︸
∆R

+

K∑
k=1

(E(Xk|T = 1)− E(Xk|T = 0))βk0︸ ︷︷ ︸
∆X

.

∆R is the "return e�ect" or the "unexplained part" which re�ects di�erences in the returns of

certain characteristics. ∆X is the "composition e�ect" or the "explained part" which re�ects

di�erences in the distribution of the characteristics between the two years. We consider two

levels of decomposition, the aggregate and the detailed levels of decomposition. The former

only divides ∆O into its two components, the return e�ect and the composition e�ect whereas

the latter allows us to know the contribution of each individual covariate.

The case of the mean is simple because we can use the law of conditional expectations. When

comparing means, we compare E(Y |T = 1) with E(Y |T = 0) and equivalently E(E(Y |X)|T = 1)

with E(E(Y |X)|T = 0). To compare quantiles, we do not have this equivalence. We will use

the RIF-regression approach developed in Firpo et al. (2007, 2009) to compute partial e�ects

of changes in distribution of covariates on a given functional of the distribution Yt|T . The

outline of the method is to provide a linear approximation to a non-linear functional of the

distribution. That approximation method allows one to apply the law of iterated expectations

to the distributional statistic of interest and thus to compute approximate partial e�ects of a

single covariate on the functional being approximated.

4.2 Quantile decomposition with RIF-regressions

Let ν be the distributional statistic of a distribution function F we are interested in (which can

be quantiles, variance, Gini index, ...). We use a RIF (Recentered In�uence Function) function

whose main property is that its expectation yields the original ν.
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∫
RIF (y; ν)dF (y) = ν.

Letting νT = ν(FT ), T = 0, 1 we can therefore write the distributional statistics νT as an ex-

pectation: νT = E[RIF (yT ; νT )|T ]. Using the law of iterated expectations, the distributional

statistics can also be expressed in terms of expectations of the conditional recentered in�uence

functions.

νT =

∫
E(RIF (y, ν)|X = x, T )dFXT

(x)

Then assuming that E(RIF (yT , ν)|X = x, T ) is linear in X such that

E(RIF (yT , ν)|X = x, T ) = xγνT ,

we have

νT =

∫
xγνTdFXT

(x) = E(X|T )γνT ,

then the di�erence between distributional statistics in T = 0 and T = 1 can be decomposed as

∆ν
O = ν1 − ν0

=

∫
E(RIF (y1, ν1)|X = x, T = 1)dFX1(x)−

∫
E(RIF (y0, ν0)|X = x, T = 0)dFX0(x)

= E(X|T = 1)(γν1 − γν0 )︸ ︷︷ ︸
∆ν

R

+(E(X|T = 1)− E(X|T = 0)) γν0︸ ︷︷ ︸
∆ν

X

. (1)

We obtain an expression similar to the classical Oaxaca-Blinder decomposition. However, here,

the coe�cients γ are the coe�cients of the RIF functions and will be estimated with linear

regressions of the RIF functions over the covariates13. The RIF-regressions of the τ -th quantile

of the distribution qt is RIF (y, qτ ) = qτ + (τ − 1(y ≤ qτ ))/f(qτ ) which gives

E(RIF (Y, qτ )|X = x) = qτ −
1− τ

f(qτ )
+
Pr(Y > qτ |X = x)

f(qτ )
.

To compute the estimated RIF function, we �rst estimate q̂τ using its sample analog in the

data. Second, we estimate the density at the sample quantile f̂(q̂τ ) using Kernel estimation.

Then we regress the obtained RIF regressions on the covariate to get the OLS estimates γ̂ν0 and

γ̂ν1
14. Finally, we compute the estimation of the decomposition equation 1 using the Jann's Stata

package (Jann, 2008).

13However, the di�erence γν
1 −γν

0 may be contaminated by di�erences in the distribution of X between the two
groups. In a robustness check, we will use a reweighed approach described in appendix to estimate this potential
bias.

14We make the assumption that Pr(Y > qτ |X = x) is linear in X and we regress the RIF functions on the
observable characteristics (OLS-RIF method). We could also estimate Pr(Y > qτ |X = x) with a logit model
(RIF-Logit method) or Non-Parametrically (RIF-NP method). The three methods are compared in Firpo et al.
(2009) and yield very similar results.
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5 Results

5.1 Analyzing the decline in the average performance

Before examining the changes in the whole performance distribution, we pay attention to the

decline in the average performance in France between 2000 and 2009. To help analyzing decom-

position results, we successively show all the ingredients of the Oaxaca-Blinder decomposition:

students' average characteristics have already been commented (see Table 2) and linear regres-

sion coe�cients are now displayed in Table 3. In the estimated linear model, we set the reference

to a male student whose both parents are born in France and who is enrolled in general upper-

secondary education in a public high school. He has a low socioeconomic status and no more

than 10 books at home and his school does not belong to a special education zone. Note that

the average performance of the reference individual has decreased by around 10 points between

2000 and 2009 (so has the overall average reading score). Linear regression results show several

di�erences in returns associated with students' social characteristics, i.e. in the educational value

of students' social endowments. All other things being equal, girls are found to perform around

8 (=25.3-17.2) points higher than boys in reading in 2009 than in 2000. Whereas the return

associated with parents' socioeconomic status has slightly decreased, the returns associated with

di�erent volumes of books at home have considerably diverged. It seems that the French educa-

tional system values even more classical humanities than before inspite of the digital development

(Baudelot and Establet, 2009). Interestingly enough, the penalty associated with an immigrant

background has decreased over time, but the prejudice related to speaking another language than

French with one's parents has enlarged.

Turning on to returns associated with student educational characteristics, we �nd that

being retained in lower-secondary education (rather than being in general upper-secondary

education) is even more detrimental to students in 2009 (-98.4 points) than in 2000 (-87.3).

This might result from a lower e�ciency of grade retention across time but it can also be due to

a selection bias. PISA 2009 students who have been retained, despite o�cial recommendations

towards reducing grade repetition, might be less pro�cient than their counterparts of PISA

2000. Interestingly, returns associated with being enrolled in vocational upper-secondary

education are also much more negative in 2009 (-93.5) than in 2000 (-69.4). The promotion

of "henceforth promoted" students, who are probably less able than students "always pro-

moted" in the vocational track, might explain part of the decreasing return of vocational

education. This could suggest that "henceforth promoted" students have not particularly

bene�ted from their promotion or/and that "always promoted" students have su�ered from

it. Lastly, the returns associated with being enrolled in a school targeted for special education

are more negative in 2009 (-36.1) than in 2000 (-18.9). Given that we control for students

characteristics, this might suggest that the ZEP policy is less e�cient in 2009 than it was in 2000.
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Table 3: Linear regressions of students' performances in reading

Variables 2000 2009

Month of birth -0.89 (0.31) 0.01 (0.35)

Boy Ref. Ref.
Girl 17.19 (2.07) 25.34 (2.38)

Immigration background
Both parents born in France Ref. Ref.
Both parents born abroad -18.35 ( 3.95) -6.20 ( 4.21)
One parent born abroad -8.12 (3.18) -7.05 (3.54)

Language most often spoken at home: French Ref. Ref.
Other language -13.16 (5.82) -17.49 (5.89 )

Socioeconomic background
Parents' HISEI 0.70 (0.07) 0.60 (0.08)

<11 books Ref. Ref.
11-100 books 39.44 (3.58) 33.72 (4.03)
101-500 books 54.29 (3.77) 62.05 (4.44 )
> 500 books 57.01 (5.03) 84.66 (5.74)

School track
General upper-secondary education Ref. Ref.
Lower-secondary education -87.27 (2.40) -98.42 (3.01)
Vocational upper-secondary education -69.35 (4.19) -93.47 (4.74)

Special education zones (ZEP)
Non-ZEP Ref. Ref.
ZEP -18.91 (5.30) -36.06 (5.44)

School sector
Public Ref. Ref.
Private 4.22 (2.54) 6.44 (2.92)

Intercept 486.5 (4.62) 476.4 (5.22)

R2 45.82 % 50.47 %

We now turn on to the Oaxaca-Blinder decomposition results (see Table 4). Recall that the

total gap between the average reading scores of 2000 and 2009 amounts to -10 points. This dif-

ference is moderate since it is 10% of the international standard deviation. The overall explained

part (or the total "composition e�ect") accounts for -3.4 points in the total gap, meaning that

student social and educational characteristics in 2000 were actually more advantageous than in

2009. The overall unexplained part (or the total "return e�ect") accounts for -6.8 points and

explains most of the change in the average performance. It means that the production process of

schooling was more e�cient in 2000 than in 2009. The detailed decomposition provides us with

more information. The negative composition e�ect is driven by increasing shares of students

with disadvantaged socioeconomic background (-3.7), of students with immigration background

(-0.4), and of schools targeted for special education (-1.1). The negative return e�ect is mainly

driven by new sorting practices (-6.1) and then by the change in special education program (-1).

The increasingly negative e�ects of grade retention and of vocational education (compared to

general education) (-6.1) outweigh the positive composition e�ect due to the decline in grade



Cognitive skills Inequalities in France between 2000 and 2009. 109

retention (+1,8). The total e�ect of new sorting policies is consequently negative, meaning that

in average, sorting policies in 2000 were more e�cient than in 2009. Regarding special education

zones, the negative composition e�ect due to the program extension is reinforced by the negative

return e�ect indicating a lower e�ciency of the policy across time.

Table 4: Decomposition results

"Explained" part "Unexplained" part

Month of birth 0.00 (0.05) 4.98 (2.57)
Girl -0.06 (0.29) 4.25 (1.65)
Immigration background -0.40 (0.17) 1.27 (0.90)
Socioeconomic background -3.65 (0.66) -0.73 (5.35)
School track 1.79 (1.10) -6.07 (1.64)
Special education zones (ZEP) -1.05 (0.26) -0.96 (0.43)
Private sector -0.03 (0.06) 0.49 (0.86)
Intercept -10.05 (6.97)

Total e�ects -3.39 (1.64) -6.82 (1.60)

Total gap -10.21

5.2 Analyzing shifts in the whole performance distribution

So far we only considered the temporal di�erence in the average scores. However since the average

score declined mainly because of a higher share of low-achievers, it is interesting to perform the

decomposition along the entire score distribution, and in particular along its lower part. Figure

3 displays the reading score gap between 2000 and 2009 for each decile (solid line). The gap is

declining along the deciles of the performance distribution. While it amounts to -25 points for

the lowest performing 10 percent students, it equals +4 points for the highest performing decile.

Performance inequalities are consequently larger in 2009 than in 2000. The overall di�erence is

broken down into two components: the composition e�ect (the so-called "explained part") and

the return e�ect (or "unexplained part"). The composition e�ect explains a small part of the

total gap. It is slightly more negative for the lowest two deciles of the performance distribution,

and it is quite stable (around -2 points) otherwise. This means that student characteristics have

deteriorated comparatively more among the lowest performing 20 percents than among other

students. The return e�ect represents the di�erence between the distributions that is only due

to di�erence in the quality of the educational system, given the characteristics of students in

2000. It increases almost linearly over the distribution: it is negative along the lowest half of

the performance distribution and slightly positive for the highest two deciles. The production

process of schooling in 2009 is clearly less e�cient for the lowest achieving students in 2009 than

it was in 2000, and slightly more e�cient for high pro�cient students. The French educational

system seems to be more and more elitist.
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Figure 3: Decomposition by decile

We now look at the detailed decomposition to examine the particular e�ects of our two ed-

ucational policies of interest: the decline in grade retention and consequently changes in sorting

practices on the one hand, and extensions of special education zones on the other hand (com-

plete results of the detailed quantile decomposition are displayed in Table 5). Figure 4 shows

the total e�ect attributed to student school track in the overall score gap and its components.

The composition e�ect is positive and quite stable along the performance distribution, because

of the decline in grade retention (see Table 7 in the appendix which displays separate e�ects of

lower-secondary education and of vocational upper-secondary education). However, the return

e�ect is negative for almost all students and in particular for the lowest deciles of the perfor-

mance distribution. The positive e�ect of grade retention found for the highest performing 10

percent of the students might proceed from the fact that socially advantaged students and good

achievers might use retention to increase their chances of being admitted in the general track

(Duru-Bellat et al., 1993; Kloosterman and de Graaf, 2010). Apart from that grade retention

seems to be lesser e�cient in 2009 than in 2000. Finally, it appears that the total contribution

of sorting policies to the decline in low-achieving performances is considerable: Almost one half

of the overall 21 points decline in the score of the 20 percent lowest performers can be attributed

to changes in sorting practices.
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Figure 4: School track e�ect on reading performance by decile in 2000 and in 2009

Figure 5 shows the total e�ect of special education zones and its components. Both the

composition and the return e�ects are particularly negative for the lowest two deciles of the

performance distribution: The total e�ect of the policy is particularly negative for the students

who are actually targeted by it! The extension of the policy has probably �rstly spread the

negative e�ects related to the ZEP status and secondly led to diluting the resources allocated

to disadvantaged schools. Changes in the dimension and the e�ciency of the ZEP policy are

responsible for almost one third of the total decline in the performances of the lowest two deciles of

students (around 6 points out of 21). Finally, around two thirds ((9+6)/21 points) of the decline

in the score of the 20 percent lowest performers are related to changes in sorting practices and

in special education policy.
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Figure 5: Special Education Zones e�ect on reading performance by decile in 2000 and in 2009
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5.3 Robustness checks

We perform several robustness checks to take into account potential biases resulting from the

speci�cation of our decomposition analyses.

First, we check whether decomposition results change if we use �ve plausible values of stu-

dent's score instead of the �rst one, then average the �ve corresponding decomposition results.

Such results are showed for the Oaxaca-Blinder decomposition of the average gap in Table 8.

As expected, the aggregate and the detailed decomposition results based on �ve plausible values

are very close to the ones computed with the �rst plausible value. This allows us to use the �rst

plausible value in our decomposition analyses.

Second, although we argued that multilevel models are not necessary to analyze French PISA

data, we check wether performing the mean decomposition based on multilevel models (allowing

for random intercepts at the school level) rather than on linear regression models modify our

results. As can be seen in Table 9, using multilevel models does not change the sign and the

approximate size of the decomposition results. Our results are robust against a multilevel spec-

i�cation of the regression analysis.

Third, we introduce additional variables, which are of lower quality than the ones selected for

the main decomposition analyses, but which might play an important role in the performance

shift. We �rst add a dummy indicating the structure of the family (single-parent or nuclear), be-

cause the share of single-parent families has increased during the 2000s in France (Chardon et al.,

2008). Given that the share of 15-year-old students living in single-parent families is probably

overestimated in 2000, the rise in single-parent families is likely underestimated in PISA data.

This might downwardly bias the contribution of this variable to the decomposition analysis. We

also take into account school composition variables (displayed in Table 2), which are poor proxies

of the actual school composition, in order to control for possible changes in the degree of school

segregation in France and their consequences on performance distribution. Since ZEP status

is attributed to schools on the basis of their population composition, we are also interested in

checking how the contribution of special education zones to the performance shift is a�ected by

the introduction of composition variables. In the same vein, we also introduce the average class

size of the school. Given that one component of the ZEP policy consists in lowering class size,

we check whether the contribution of special education zones is altered when we purge the ZEP

policy from one of its component. We perform two additional quantile decompositions based on

two extended sets of variables (see Table 6) and we compare them with the quantile decompo-

sition ("Decomposition A") displayed in the core of the article. "Decomposition B" is nothing

else than "Decomposition A" with the inclusion of the dummy variable indicating students liv-

ing in single-parent families and of the average class size in the school. "Decomposition C" is

"Decomposition B" extended with school composition variables.

Results of Decompositions B and C are respectively displayed in Table 11 and Table 12. The

composition and the return e�ects as well as the explained and unexplained parts attributed to

school track and special education zones are very close to the ones estimated for Decomposition A.

Our results are robust against the introduction of those additional variables.
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Table 6: Comparisons of decompositions with di�erent sets of variables

Decomposition A Decomposition B Decomposition C

Month of birth Decomposition A Decomposition B
Girl + Single-parent family + School composition
Immigration background + Class size
Socioeconomic background
School track
Special Education Zones
Private sector

Fourth, we perform a threefold decomposition, that is we decompose the overall gap in three

terms : a coe�cient e�ect (another form of the "return e�ect"), the endowment e�ect (another

form of the "composition e�ect") and an interaction term as follows

∆O = (β01 − β00) +

K∑
k=1

E(Xk|T = 0)(βk1 − βk0 )︸ ︷︷ ︸
∆R

+

K∑
k=1

(E(Xk|T = 1)− E(Xk|T = 0))βk0︸ ︷︷ ︸
∆X

= +
K∑
k=1

(E(Xk|T = 1)− E(Xk|T = 0))(βk1 − βk0 )︸ ︷︷ ︸
Interaction

.

Results of the threefold decomposition are displayed in Table 10. The interaction term only

accounts for -1 point in the total decline in the average score. This con�rms us in using twofold

decompositions.

Finally, to estimate our model we assumed a linear speci�cation for the schooling process.

If this speci�cation is not correct, our estimators may be biased and may depend on the dis-

tributions on the covariates in 2000 and in 2009. To limit this bias, we build counterfactual

distributions of the scores of individuals in 2000 if they had the characteristics of the individuals

of 2009. More formally, let us denote Y0 the average score in 2000, Y1 the average score in 2009

and Y C the counterfactual average score in 2009 if the students of 2009 were evaluated in 2000.

Then ∆R = Y1 − Y C is the return e�ect, it measures how much students would have performed

di�erently if they experienced the same learning conditions as in 2000 with their own character-

istics of 2009. The composition e�ect is then ∆X = Y C −Y0 which measures how much students

in 2009 would score di�erently if they had the characteristics of the students in 2000 given their

estimated returns. We have ∆0 = (Y1 − Y C) + (Y C − Y0) = ∆R +∆X . So with an estimate of

the counterfactual Y C , one can compute the decomposition. This is a general point that holds

for all decompositions, and not only for the mean. The identi�cation of the return e�ect ∆R

requires some assumptions presented in Firpo et al. (2007) and Fortin et al. (2011) : overlapping

support and ignorability. In our setting, it seems reasonable that these assumptions hold. First,

there are no observable characteristics which are speci�c to one sample. Second, the assumption

that conditionally on observables, the unobservables are independent of the sample is weaker
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than the usual conditional independence assumption. Unobservables characteristics (such as the

motivation or the e�ort of the student) can be correlated with the observable characteristics

(such as social background) as long as the correlation is the same in 2000 and in 2009.

We describe in Appendix 1.6 how we build the countrefactual YC and how we decompose ∆0

using reweigthed RIF-regressions. We show the results in table 13. Our main conclusions remain

valid.

6 Discussion

PISA data show that inequalities in French student performances have increased between 2000

and 2009. Our study aimed at assessing to what extent the rise in inequalities can be attributed

to two main educational policies: namely new sorting practices triggered by the decline in grade

retention and successive extensions of areas targeted for special help in education. Since the rise

in inequalities results from the decline in low-achievers performances, we analyzed the change

in PISA test scores by using distributional decompositions and in particular quantile decom-

positions. We assigned the change in test scores either to di�erences in students' and schools'

characteristics over time (explained variation) or to changes in returns to those characteristics

in terms of tests scores i.e. in educational system quality (unexplained variation). Our decom-

position results show that, French 15 year-old students in 2009 have slightly less advantageous

characteristics, and that, except for the highest deciles, they experience lower returns in terms

of cognitive performance than their counterparts in 2000. Our �ndings provide some descriptive

evidence that increasing inequalities in 15-year-old cognitive skills in France are related to change

in education policies. Besides, around two thirds of the decline in the score of the 20 percent

lowest performers are related to changes in sorting practices and in special education policy.

As regards special education zones, we found that both the composition and the return e�ects

are negative for low-achievers. We believe that the extension of the policy has spread the negative

signalling e�ects of the ZEP status and diminished the positive e�ects of channeled resources

because of the resources dilution. Since the ZEP policy mostly concerns middle schools (85%

of the ZEP students in PISA data) rather than high schools, the negative contribution of the

ZEP policy we found mainly applies to middle school students, that is to students having been

retained before the age of 15. It would be interesting to check with another data source whether

our �nding holds for ZEP students who have not been retained.

Examining more thoroughly the contribution of sorting practices, we found that the returns

associated with grade retention are more negative for students aged 15 in 2009 than in 2000.

This could be due to a selection e�ect: PISA 2009 students who have been retained despite

of retention restrictions are probably less pro�cient than PISA 2000 students who have been

retained. But, at the same time, the return to being enrolled in the vocational track is also

increasingly negative over time. In total, the negative return e�ect of student's school track

outweighs the positive evolution in student composition due to the decline in grade retention.

This means that new sorting practices were not bene�cial neither to retained students nor to

promoted students. It is another step yet to conclude that they were detrimental to them.

To do so, we would need measures of students past performances at di�erent times of their

schooling trajectory. It would also be interesting to know which grade has been repeated by the
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student, since we expect that repeating a grade during primary school has a di�erent impact

than repeating a grade during secondary education. We face here one important limit of PISA:

the fact that they are cross-sectional only and not longitudinal. In any case we have good reasons

to think that the decline in grade retention has not triggered the expected e�ects. In this respect

it seems that the aim of reducing grade repetition has not been associated with another way of

managing schooling heterogeneity within classes and in particular of managing students coping

with learning di�culties. This could explain the relative failure of this policy.
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1 Appendix

1.1 Grade and track : separate e�ect of retention and vocational track

Table 7

Q10 Q20 Q30 Q40 Q50 Q60 Q70 Q80 Q90
Explained
Low-sec track 2.69 1.10 3.47 1.42 3.49 1.42 3.46 1.38 3.37 1.32 3.08 1.20 2.73 1.05 2.14 0.81 1.40 0.58
Voc. track -0.88 0.61 -1.25 0.81 -1.28 0.89 -1.24 0.82 -1.18 0.80 -1.10 0.62 -0.96 0.60 -0.76 0.49 -0.50 0.34
Unexplained
Low-sec track -5.77 3.76 -8.91 3.35 -4.41 3.04 -4.43 3.14 -3.11 2.76 -1.84 2.39 -3.27 2.36 -2.55 1.91 1.67 1.79
Voc. track -2.79 1.37 -4.73 1.33 -3.70 1.02 -2.59 0.99 -1.84 0.81 -1.46 0.67 -1.49 0.63 -0.67 0.45 0.17 0.40

1.2 Robustness check 1: �ve plausible values

Table 8: Decomposition results with �ve plausible values of student's score

"Explained" part "Unexplained" part

Month of birth -0.01 5.33
Girl -0.06 4.47
Immigration background -0.38 1.41
Socioeconomic background -3.60 -1.35
School track 1.84 -6.73
Special Education Zones -1.04 -0.95
Private sector -0.03 -0.65
Intercept -9.73

Total e�ects -3.27 -6.90

Total gap -10.18

1.3 Robustness check 2: multilevel model

Table 9: Decomposition results with multilevel regressions

"Explained" part "Unexplained" part

Month of birth -0.12 5.26
Girl -0.03 4.10
Immigration background -0.42 0.74
Socioeconomic background -2.47 -10.55
School track 1.09 -21.21
Special Education Zones -1.09 -0.05
Private sector -0.04 -0.16
Intercept 18.02

Total e�ects -3.08 -5.48

Total gap -8.56

Note: The total gap estimated with the multilevel model (-8.56) di�ers from the total gap estimated
with the linear model (-10.21).This is due to the shrinkage factor introduced in the estimation of
multilevel models OECD (2005).
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1.4 Robustness check 3: threefold decomposition

Table 10: Decomposition results with threefold decomposition

Endowments Coe�cients Interaction

Month of birth -0.14 (0.08) 4.98 (2.57) 0.14 (0.10)
Girl -0.04 (0.19) 4.25 (1.65) -0.02 (0.09)
Immigration background -0.43 (0.20) 1.27 (0.90) 0.03 (0.17)
Socioeconomic background -2.94 (0.55) -0.73 (5.35) -0.71 (0.31)
School track 1.72 (0.95) -6.07 (1.64) 0.07 (0.20)
Special education zones (ZEP) -0.55 (0.19) -0.96 (0.43) -0.50 (0.24)
Private sector -0.02 (0.04) 0.49 (0.86) -0.01 (0.03)
Intercept -10.05 (6.97)

Total e�ects -2.39 (1.40) -6.82 (1.60) -1.00 (0.05)

Total gap -10.21

1.5 Robustness check 4: additional variables
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1.6 Robustness check 5: reweighed RIF-regressions

Principle

In this subsection we are interested in computing the counterfactual Y C to estimate ∆0 =

(Y1 − Y C) + (Y C − Y0) = ∆R +∆X .

Let ν be the distributional statistic of a distribution function F we are interested in. We denote

FYT
the distribution function of Y in year T where T = 0 in 2000 and T = 1 in 2009. We denote

FY C
0

the counterfactual distribution function which corresponds to the distribution function of

scores in group 0 if individuals of group 0 had the characteristics of group 1.

Proposition (Identi�cation of the aggregate composition)

Under the assumptions of a simple counterfactual, overlapping support and ignorability, for every

distributional statistic ν, the overall ν-score gap, ∆ν
O can be written as

∆ν
O = ∆ν

R +∆ν
X

where

(i) The return e�ect term ∆ν
R = ν(FY1)−ν(FY C

0 ,X=X1|T1
) solely re�ects di�erence between the

production process of schooling in T = 1 and T = 0.

(ii) The composition e�ect term ∆ν
X = ν(FY C

0 ,X=X1|T1
)−ν(FY0) solely re�ects the e�ect of dif-

ferences in the distribution of characteristics (observable (X) and unobservable (ε)) between

the two groups.

There are three reasons why scores can be di�erent between group 0 and group 1 : the score

setting can be di�erent in T = 1 and T = 0, the distributions of X can be di�erent or the

distributions of ε are di�erent. The ignorability assumption only states that conditional on X,

the distribution of ε is the same in both groups. So once we control for di�erences between the

X's in the two groups, we also control for di�erences in the ε's.

Constructing a counterfactual distribution with reweighting

The distribution of YT is de�ned using the law of iterated probabilities, that is after we integrate

over the observed characteristics we obtain

FYT
(y) =

∫
FYT |XT

(y|X = x).dFXT
(x), T = 0, 1.

We can construct the counterfactual distribution as follows

FY C
0
(y) =∈ tFY0|X0

(y|X = x).dFX1(x).

The idea is to integrate group 0's conditional distribution of Y givenX over group 1's distribution

of X. We will follow the reweigthing approach of Di Nardo et al. (1996). They compute a
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reweighting factor Ψ(X) =
dFX1

(X)

dFX0
(X) to obtain

FY C
0
(y) =

∫
FY0|X0

(y|X)Ψ(X)dFX0(x)

Let p = Pr(T = 1) and p(x) = Pr(T = 1|X = x). The reweighting factor can be written

Ψ(X) =
Pr(X|T = 1)

Pr(X|T = 0)
=
Pr(T = 1|X)/Pr(T = 1)

Pr(T = 0|X)/Pr(T = 0)
=

(
p(X)

1− p(X)

)(
1− p

p

)
We will use the RIF-regressions for the detailed decomposition. Letting νT = ν(FT ) and νC =

ν(FC), we can therefore write the distributional statistics ν0, ν1, and νC as expectations: νT =

E[RIF (yT ; νT )|T ], and νC = E[RIF (y0; νC)|T = 1]. Then we obtain

∆ν
R = ν1 − νC

=

∫
E(RIF (y1, ν1)|X = x, T = 1)dFX1(x)−

∫
E(RIF (y0, νC)|X = x, T = 1)dFX1(x)

= E(X|T = 1)(γν1 − γνC),

∆ν
X = νC − ν0

=

∫
E(RIF (y0, νC)|X = x, T = 1)dFX1(x)−

∫
E(RIF (y0, ν0)|X = x, T = 0)dFX0(x)

= E(X|T = 1)γνC − E(X|T = 0)γν0

and

∆ν
O = E(X|T = 1)(γν1 − γνC)︸ ︷︷ ︸

∆ν
R

+E(X|T = 1)γνC − E(X|T = 0)γν0︸ ︷︷ ︸
∆ν

X

.

One di�erence with the Oaxaca-Blinder decomposition is that the coe�cient γνC (the regression

coe�cient when the group 0 data is reweighted to have the same X distribution as the group 1)

is used instead of γν0 (the unadjusted coe�cient for group 0). The reason for using γνC instead

of γν0 is that the di�erence γν1 − γνC solely re�ects di�erences between the returns structures

while the di�erence γν1 − γν0 may be contamined by di�erences in the distribution of X between

the two groups. If the linear approximation is correct then γνC = γν0 , and we obtain the usual

Oaxaca-Blinder decomposition.

Estimation

We need to estimate the di�erent decomposition elements that we have just introduced: ν1, ν0,

νC , γ1, γ0 and γC . For ν1, ν0, γ1 and γ0, the estimation is very standard because the distributions

F1 and F0 are directly identi�ed from data on (Y, T,X). The distributional statistics ν can be

estimated using their sample analog in the data, while the γ's are estimated using ordinary least

square methods. However, to estimate νC and γC , we need to estimate the weighting function

ψ(X). The estimation strategy proceeds in three steps : �rst we estimate the weights, then the



128 Education and Family Economics - Chapter 3

distributional statistics, and �nally the estimates of the RIF-regressions. We apply the setting

to the quantile distributions. To estimate the weight, we estimate the reweighting factor as

ψ̂(X) =

(
1− p̂

p̂

)(
p̂(X)

1− p̂(X)

)
,

where p̂(.) is an estimator of the true probability of being in group 1 given X and is estimated

with a probit model. We multiply the sample weights by the reweighting factor to obtain the

�nal weights and run the regressions. We estimate ν0, ν1 and νC using their sample analog. We

compute the distributional statistics ν̂T = ν(F̂T ) and ν̂C = ν(F̂C) directly from the observations

(with appropriated weights). Then, we can compute the return and the composition e�ects as

∆̂ν
R = ν̂1 − ν̂C and ∆̂ν

X = ν̂C − ν̂0.
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Chapter 4

Grade Retention and Unobserved

Heterogeneity

Abstract

We study the treatment e�ect of grade retention, using a panel of French junior high-school

students, taking unobserved heterogeneity and the endogeneity of grade repetitions into account.

We specify a multi-stage model of human-capital accumulation with a �nite number of types

representing unobserved individual characteristics. Class-size and latent student-performance

indices are assumed to follow �nite mixtures of normal distributions. Grade retention may

increase or decrease the student's knowledge capital in a type-dependent way. Our estimation

results show that the Average Treatment e�ect on the Treated (ATT) of grade retention on

test scores is small but positive at the end of grade 9. The ATT of grade retention is higher

for the weakest students. We also show that class size is endogenous and tends to increase

with unobserved student ability. The Average Treatment E�ect (ATE) of grade retention is

negative, again with the exception of the weakest group of students. Grade repetitions reduce

the probability of access to grade 9 of all student types.

131



132 Education and Family Economics - Chapter 4

1 Introduction

Grade retention practices are common in the schools of some countries but absent from others.

Some educational systems have been designed to play the role of public certi�cation agencies. If

this is the case, a student is promoted to the next grade only if her (his) test scores are su�ciently

high, and the students who can't pass are tracked or retained. France and Germany are good

instances of such systems, in which grade retention is familiar. In contrast, social promotion, that

is, the practice of passing students to the next grade, regardless of school performance, seems

to prevail in more egalitarian societies, or in countries promoting mass education. Scandinavian

countries and the UK are good instances of the latter system. At the same time, grade retention

is a form of second-best remedial education; in some countries it is the main if not the only

form of remedial education, but it entails substantial costs. Grade repetitions consume resources,

since they permanently increase the stock of enrolled students. There are opportunity costs, since

grade repeaters could become productive sooner or have a longer productive life. There also exists

substantial costs in the long run, since grade repeaters tend to obtain lower wages on the labor

market, conditional on their highest credential1. Grade retention may also entail some bene�ts.

The mere presence of grade repetitions acts as an incentive device and may increase study e�ort.2

Finally, the distribution of skills in a given cohort of outgoing students may be improved if grade

repeaters bene�t from a longer period of schooling. Yet, many important aspects of a cost-bene�t

analysis are imperfectly known. As a consequence, in spite of its widespread use, it is hard to tell

if grade retention dominates social promotion, or which of the two systems has the highest value

as a social policy. As is well known, the question is hotly debated and international comparisons

show trends in both directions. For instance, in the recent years, France has relied less often on

grade repetitions, while in the US, grade retention has made a certain comeback, as an ingredient

of school accountability policies.

The consequences of grade retention are not easy to estimate. This is essentially due to the

endogenous character of the decision to hold a student back and to unobservable heterogeneity.

Many studies in the past may have found a negative impact of grade retention on various outcomes

because grade repeaters are a selected population with abilities below the average. In the sequel,

we propose a way of evaluating the treatment e�ects of grade repetition in French junior high

schools (grades 6 till 9), using a rich set of micro-data, and taking the endogeneity of retention

decisions and class size into account. We do not observe the students' wages and focus on

educational outcomes.3

In a preliminary study of the data, we �nd that the local average treatment e�ect (i.e.,

the LATE4) of grade retention on value-added, de�ned here as the di�erence between grade-

9 and grade-6 scores, is signi�cant and positive, using the quarter of birth as an instrument

for retention. But the result doesn't seem to be very robust. We know that when treatment

e�ects are heterogeneous, the linear Instrumental Variable (IV) estimator is a weighted average

of marginal treatment e�ects (see the work of Heckman and Vytlacil (2005); see also Heckman

(2010)). It follows that the IV estimates obtained with a particular instrument may not correctly

1On this question, see Brodaty et al. (2012)
2On study e�ort, see De Fraja et al. (2010).
3For a study of the impact of grade retention on wages, using French data, see Brodaty et al. (2012)
4On this concept, see Imbens and Angrist (1994).
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identify the relevant e�ects. Indeed, in the following, we show that the treatment e�ect of grade

repetition varies with unobserved characteristics of students, being positive for some individuals

and negative for others.

Taking our inspiration from the work of Heckman and his co-authors, we propose a tractable

model in which treatment e�ects are heterogeneous (see, Carneiro et al. (2003)). We assume the

existence of a �nite number of latent student types and that the e�ects of retention may vary

from one type of individual to the next. Our approach is parametric: the observed outcomes

and the latent variables, such as unobserved test scores, are modeled as �nite mixtures of normal

distributions. The model can then be used to compute counterfactuals and treatment e�ects.

We take dynamics into account, exploiting the data's panel structure. Our approach is similar

in spirit to that of Cunha and Heckman (2007, 2008) and Cunha et al. (2010), but di�erent (and

somewhat simpler) in a number of technical details. The educational outcomes of the same

individuals are observed recursively through time, either completely (quantitative test scores) or

partially (qualitative promotion decisions). The successive observations are used to identify the

model parameters and the latent student types. In particular, the coe�cients of student types,

that is, their impact on the di�erent outcomes, are identi�ed under a limited set of reasonable

assumptions.

To be more precise, we specify a structural model of knowledge-capital accumulation in junior

high school. The model explains grade retention, class size, promotion decisions and test scores.

It is estimated using panel data, on scores in grades 6 and 9, information on class sizes and

on student transitions (promotion to next grade, retention and redirection towards vocational

education). The panel provides a rich set of control variables describing family background and

the environment of students. Repeated grades contribute to the accumulation (or destruction) of

human capital (or skills) in a speci�c and type-dependent way. We present estimation results for

a variant of our model with four unobserved student types or groups. Groups are clearly distinct

and a clear hierarchy appears in terms of student ability. Groups are ranked in the same way

if we use test scores in Math, in French, at the beginning of grade 6 or at the end of grade 9.

The ranking of groups explains a similar ranking in the students' probabilities of grade retention

(or promotion to the next grade). In a parallel fashion, the weaker the group, the smaller the

class-size, in every grade. This result shows the endogeneity of class-size, which is used as a

remediation instrument. Finally, to assess the impact of grade repetition on test scores at the

end of grade 9, we compute the ATT and the ATE of the grade-repetition treatment. To this

end, with the help of the model, we compute the counterfactual class-size and test scores of grade

repeaters (resp. non-repeaters) that would be observed if they had not repeated a grade (resp. if

they had repeated a grade), averaging over students and all possible types of each student, using

their posterior probabilities of belonging to a group. We �nd that the ATE is negative, while the

ATT is positive, but small and barely signi�cant. The ATE and ATT are also computed within

each of the four groups separately. This con�rms that treatment e�ects are heterogeneous: grade

retention is detrimental to able students but has some positive e�ects on the weakest students'

�nal test scores. It is also shown that grade repetition has a negative impact on the student's

probabilities of access to grade 9. We conclude that grade retention should be replaced by some

other form of remediation.
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There is a substantial literature on grade retention, but many early contributions did not

address endogeneity or selection problems in a convincing way (Holmes and Matthews, 1984;

Holmes, 1989). Few contributions have managed to propose a causal econometric evaluation of

grade retention. An early attempt, providing IV estimates on US High-School data is due

to Eide and Showalter (2001). Also in the US, Jacob and Lefgren (2004, 2009) use regres-

sion discontinuity methods to evaluate grade repetitions in the Chicago Public-Sector Schools.

Jacob and Lefgren (2004) �nd some positive short-term e�ects of grade retention on test scores

for primary school children. Neal and Schanzenbach-Whitmore (2010) also propose an evalua-

tion of the 1996 reforms that ended social promotion in Chicago Public Schools. Dong (2010)

studies grade retention in Kindergarten and �nds positive e�ects. The same data is used by

Cooley et al. (2011) to estimate a multi-period structural model in which the treatment ef-

fect of retention depends on the year of application. They also �nd positive e�ects. Recently,

Baert et al. (2013) used a structural dynamic choice model, estimated with Belgian data, and

found that grade retention has a positive impact on the next evaluation, and persistent e�ects.

On Latin American countries see, Gomes-Neto and Hanushek (1994). Manacorda (2012) applies

a regression discontinuity approach to Uruguayan junior high-school data and �nds negative ef-

fects on the dropout rate. In France, contributions on this topic (with a causal approach) are

due to Mahjoub (2007); Alet (2010); Brodaty et al. (2012); Alet et al. (2012); d'Haultfoeuille

(2010). Among these authors, d'Haultfoeuille (2010) applies a new non-parametric method for

the estimation of treatment e�ects to French primary education data and also �nds positive

e�ects. Finally, Brodaty et al. (2012) �nd negative signaling e�ects of grade retention on wages.

None of the quoted papers use the methods and the data employed in the present article.

In the following, Section 2 describes the data. Section 3 presents a preliminary analysis of

grade retention using linear IV methods. Section 4 presents our multi-stage skill accumulation

model. The estimation strategy is exposed in Section 5. Section 6 and 7 present the estimation

results and the average treatment e�ects. Concluding remarks are in Section 8.

2 Data

The data set used in this study is the 1995 secondary education panel of the French Ministry of

Education (DEPP5 Panel 1995), which follows 17,830 students in junior high-school (i.e., collège)

from grade 6 to grade 9 (grade 6 is the equivalent of the French classe de sixième) during the

years 1995-2001. The principals of a sample of junior high-schools were asked to collect data on

all pupils born on the 17th day of each month, with the exception of March, July, and October,

and entering grade 6 in September 1995 � about 1/40th of the whole cohort. A recruitment

survey was conducted at the beginning of the �rst school year (1995-96). Then, a number of

follow-up questionnaires were �lled by the principals in every subsequent year until 2001, and a

questionnaire was �lled by the families in 1998 (with a response rate of 80%). Each student's

junior high-school history was recorded without interruption, even when the student moved to

another school. For each pupil and each year, we know the attended grade (6 to 9), the size of the

class, and the promotion decision made by the teachers at the end of the year. In fact there are

5Département de l'Evaluation, de la Prospective et de la Performance
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Table 1: Individual Grade Histories

Grade History Count

1234 9403 71,58%

12334 732
12234 910
11234 684

Subtotal 2326 17,71%

1233V 33
1223V 114
1123V 154
123V 147
122V 146
112V 246
11V 7
12V 560

Subtotal 1407 10,71%

Total 13136

three possible decisions: promotion to next grade, grade retention or redirection to vocational

education (i.e. �steering�). These transition decisions are made during the last sta� meeting (i.e.,

the conseil de classe), at the end of every school year, on the basis of test scores and other more

or less objective assessments of the pupil's ability and potential in the next grade. Test scores

in Mathematics and French are available at the beginning of grade 6 and at the end of grade

9. Grade 9 test scores are missing for the individuals who dropped out of general education for

apprenticeship or vocational training, and therefore never reached grade 9 in the general (non

vocational) middle schools.

Table 2: Students Promoted, Retained or Redirected in Each Grade and Year

Year t Grade Initial Stock Promoted P Retained R Redirected V

t = 1 Grade 6 13136 12045 1091 0

t = 2 Grade 6 1091 1084 0 7
Grade 7 12045 10315 1170 560

t = 3 Grade 7 2254 1862 0 392
Grade 8 10315 9403 765 147

t = 4 Grade 8 2627 2326 0 301
Grade 9 9403

In addition, matching these data with another source from the Ministry of Education, the

Base Scolarité, we obtain further information on school characteristics. In particular, total

school enrollment and total grade enrollment (in each grade) for each year during the 1995-2001

period. These data will allow us to compute instruments for class-size, based on local variations of

enrollment. There are some missing data, but the quality of the panel is very good. For example,

initial test scores are known for 95% of the sampled individuals. Discarding observations with

obvious coding errors and missing data, and slightly more than 450 histories of pupils registered
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in special education programs (for mentally retarded children), we �nally ended up with a sample

of more than 13,000 individuals: 9,403 of them are in grade 9 in 1999, 2,594 are in grade 8 and

250 in grade 7. The last subset contains the few individuals who repeated a grade twice. We

chose to discard these observations to reduce the number of cases. The �nal sample has 13,136

Students, which amounts to almost 75% of the individuals in the initial survey.

In the following, grades are denoted by g, and g ∈ {1, 2, 3, 4}, where g = 1 corresponds to

grade 6, and so on. The year is denoted t with t ∈ {1, 2, 3, 4, 5}, where t = 1 corresponds to year

1995, etc. Individuals are indexed by i. Let git denote the grade of individual i in year t. With

this notation system, a student i who doesn't repeat any grade is such that git = t. A grade

repeater is such that git = t − 1. Table 1 gives the observed distribution of grade histories (in

junior high school). Each row corresponds to a di�erent type of trajectory. Letter V stands for

vocational education. For example, the sequence 11234 means that grade 6 was repeated and

therefore, that the student is observed in grade g = 4 in year t = 5. The sequence 123V indicates

that the student was steered towards vocational education after grade 8. In total, about 30 % of

the pupils do not complete junior high-school in four years: 18% are retained in one grade, 11

% are redirected.

Individual histories are described by Table 2 and on Fig. 1. Table 2 presents two rows per

year, except in year t = 1. During the �rst year, all students are in grade 6. Out of the 13136

students initially enrolled in grade g = 1, 12045 are promoted, and 1091 are retained. In year

t = 2, we see that 1084 repeaters in grade g = 1 are promoted and only 7 students have been

redirected. In year t = 3 there are 2254 = 1170 + 1084 students in grade 7; 1170 students

repeating grade 7 and 1084 students that were in grade 6 the year before, etc. Figure 1 shows

that the 9403 non-repeaters constitute a majority of more than 70% of the students. Repeaters

amount to less than 9% of the latter cohort each year.

Figure 1: Number of Repeaters in each Grade
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3 Preliminary Analysis : IV Estimates

We start our study of the causal e�ect of grade retention on educational achievement, using the

student's quarter of birth as an instrument for grade retention, in a linear model. The quarter
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or the month of birth has been used by various authors as an instrument (Angrist and Krueger,

1991). Recent work has shown that the month of birth can have long-lasting e�ects (see,

Bedard and Dhuey (2006); Grenet (2009)). In his dissertation, and a recent paper, Mahjoub

(2007, 2009), used the quarter of birth as an instrument for grade retention. This approach

yields a positive impact of grade retention on value-added scores, de�ned as the di�erence be-

tween standardized grade-6 and grade-9 scores, in Mathematics and in French. We follow the

same approach here, as a preliminary step.

Value added is higher for repeaters than for non-repeaters. This is true both in French

and Mathematics. There exists a strong link between the age of a child, as measured by the

month of birth, or quarter of birth, and the probability of grade repetition (for details, see the

Appendix). The probability of grade retention is clearly higher for children born later in the

year. In principle, children must be 6 years old on September 1rst of year t to be admitted in

primary school, grade 1, year t. First-quarter students tend to be relatively older in their class,

with an age di�erence that can reach 11 months, and relatively older children tend to perform

better. At the same time, teachers are reluctant to retain older children in a grade, as retention

may change a di�erence �being older� into a stigma �being too old.

It follows that the month, quarter or season of birth is a candidate instrument for the grade-

retention treatment, because it has good chances of being independent of the error term in an

outcome equation with many controls. Note, in addition, as emphasized by Mahjoub (2007), that

the value-added outcome being the di�erence of two test scores, possible speci�c and persistent

e�ects of the birth quarter are �di�erenced out�.

We now estimate the e�ect of grade retention on value added by 2SLS, using the quarter of

birth as an instrument for grade retention. Some descriptive statistics on value-added, as well

as further details on this IV approach are relegated in the Appendix. Scores are standardized to

have a mean of 50 and a standard deviation of 10 in grade 6 and in the whole sample (including

all redirected pupils). Scores in grade 9 are standardized in the same way, using the sub-sample

of individuals who reached grade 9. The �rst-stage is a linear regression of the grade-retention

dummy on birth quarter dummies and controls (the linear probability model). Results are

displayed in Table 3. The fourth quarter being the reference in the regressions, we see that

relatively older students have a signi�cantly lower probability of being held back.
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Table 3: Grade Retention Probability

Variables Grade retention

First quarter -0.0513***
(0.0110)

Second quarter -0.0459***
(0.00991)

Third quarter -0.0133
(0.0109)

R2 0.054
F statistic for instruments 31.74

Estimated by OLS. The dependent variable is the grade-
retention dummy here. The following list of control vari-
ables were included in the regressions: gender; number
of siblings; birth order (rank among siblings); parental
occupation; parental education; indicator of grade repe-
tition in primary school; total school enrollment. Stan-
dard errors are in parentheses; ***, ** and * indicate
signi�cance at the levels of 1, 5, and 10%, resp.

Table 4 presents OLS and 2SLS estimates of the e�ect of grade retention on value-added

scores using the same set of controls. Instrumenting grade retention by the quarter of birth

has dramatic e�ects on the sign and the size of the e�ect. Grade retention increases the score

by about twice the standard deviation of value-added. These results con�rm that the retention

decision is endogenous.

Table 4: OLS and IV Estimates of Grade-Retention E�ects

OLS 2SLS

Dependent Variable Math VA French VA Math VA French VA

Grade repetition 1.757*** 1.899*** 21.94*** 14.79***
(0.200) (0.196) (5.391) (4.510)

R2 0.035 0.043

The table reports the estimated coe�cient of the retention dummy in di�erent re-
gressions. Gender is included as a control in all regressions in addition to number of
siblings; birth order (rank among siblings); parental occupation; parental education;
indicator of grade repetition in primary school; total school enrollment. Standard
errors are in parentheses; ***, ** and * indicate signi�cance at the levels of 1, 5, and
10%, resp.

Now, trying to estimate the impact of grade repetition in variants of this model, we found

that the 2SLS results of Table 4 were not very robust, being very sensitive to the set of controls

introduced in the equation of interest. But it is well known that IV estimates can be di�cult

to interpret when treatment e�ects vary with unobservable characteristics of individuals. To see

this, let R denote the grade retention indicator. The outcome variable Y is value added. Let

Y1, Y0 denote counterfactual outcomes for grade repeaters and non-repeaters. Let Z denote a

dummy variable indicating whether the student was born in the �rst half of the year or in the

second half. Z = 1 thus points at relatively older children. Let R1, R0 denote the counterfactual

grade retention dummies, conditional on the instrument Z being 1 or 0. Under monotonicity,
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i.e., P(R1 ≤ R0) = 1, the IV estimator converges to the Local Average Treatment E�ect :

LATE = E(Y1 − Y0|R1 −R0 = −1)

This measures the average value-added score for the individuals whose retention in a grade would

have been avoided, had they been born at the beginning of the year instead of at the end. The

question is whether these marginal individuals are representative of the whole sample or not.

To help answering this question, suppose that counterfactual scores follow a generalized Roy

model6:

Y = Y1 = m1 + U1 if Y1 − Y0 > c(Z) + V

= Y0 = m0 + U0 if Y1 − Y0 ≤ c(Z) + V,

where c(Z) is an increasing function of Z, interpreted as a cost. Assume that U1, U0 and V are

independent given Z and that they are normally distributed. It is easy to show that

LATE = m1 −m0 +
V ar(U1 − U0)

V ar(U1 − U0) + V ar(V )

(
ϕ(d0)− ϕ(d1)

Φ(d1)− Φ(d0)

)

with

dz = c(z)− (m1 −m0) , z = 1, 0,

where ϕ is the normal density and Φ is the normal c.d.f. The cost of grade retention is higher for

older individuals, so c(1) > c(0), hence, d1 > d0. Let us assume, for the sake of the argument,

that c(1) > m1 −m0 > c(0), so d1 > 0 > d0. It is clear in this case that the LATE may be

positive or negative, without this telling us anything certain about the sign of m1 −m0. The

LATE being a marginal e�ect, it may predominantly re�ect cost parameters and may not be

informative about treatment e�ects. This is why, in the next section, we design a structural model

to uncover the mechanisms of grade repetition and their impact on educational attainment.

6see Heckman and Vytlacil (2005)
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4 A Model of Knowledge-Capital Accumulation

We construct a model of knowledge capital accumulation with unobserved heterogeneity. We

found a source of inspiration in a series of in�uential papers by James Heckman and his coauthors,

in which heterogeneity is captured by means of dynamic factor models (Cunha and Heckman,

2008; Cunha et al., 2010). Although close in spirit, the present approach relies on a somewhat

simpler model. We use a multi-period setting. We rely on the idea that, in the educational

process, inputs are imperfectly observed and outputs are imperfectly measured, by means of test

scores and teacher's decisions. Unobserved heterogeneity is modeled by means of a discrete set

of unobserved individual types, generating �nite mixtures of normal distributions.

The model is designed to match the following data features. We observe test scores, in French

and Mathematics, but only at the beginning of grade 6 and at the end of grade 9. Promotion

decisions (promotion to the next grade, grade retention or redirection to vocational training)

are observed in all years. In addition to these test scores and transitions, we also observe class

size and total school enrollment. The students who do not drop o� into vocational education

at some point reach the terminal grade after four or �ve years, depending on retention, during

the period 1995-2000. For children who never repeat a grade, we have observations in years

t = 1, 2, 3, 4. For those who repeat a grade once and are not redirected to a vocational track, t

can take all �ve values 1, 2, 3, 4, 5. Redirected children are the cause of attrition. Pupils are

indexed by i = 1, . . . , N . Let git ∈ {1, 2, 3, 4} denote the grade of student i in year t, and let

Sit ∈ {P,R, V } denote the promotion decision (i.e., promotion, retention and redirection) at the

last sta� meeting of year t. gi,t+1 is missing if Sit = V . All students start in grade 6 in year

1 (gi1 = 1), so we set Si0 = P for all i. There is no redirection of children towards vocational

education in grade 6, so Si1 ∈ {P,R}.

4.1 Initial conditions

Initial scores in Mathematics and French measure initial knowledge-capital in Mathematics and

in French, denoted hm0 and hf0 respectively. We assume that individuals have four possible

unobservable types, or equivalently, belong to one of four possible groups. Let Gik denote the

dummy which is equal to 1 if i belongs to group k and equal to 0 otherwise. Let pk denote

the unconditional probability of belonging to group k and, of course, p1 + p2 + p3 + p4 = 1.

Knowledge-capital levels, at the beginning of grade 6, i.e., hm0 and hf0, have the following form:

hmi0 = cm01 + cm02Gi2 + cm03Gi3 + cm04Gi4, (1)

hfi0 = cf01 + cf02Gi2 + cf03Gi3 + cf04Gi4. (2)

In this formulation, Group 1 is the reference group. It follows that cm01 and cf01 are the

average initial levels of knowledge-capital in Mathematics, and French, respectively, for Group

1 individuals. Subscript m, resp. f , indicates a coe�cient related to the initial Mathematics

capital, resp., the French language-capital equation. The average initial Mathematics-capital of

Group k is thus cm01 + cm0k, for k = 2, 3, 4, etc.

Human capital is therefore discrete, but this should not be taken literally. We could add

a random term with a continuous distribution, representing other unobserved inputs to the
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expressions of hmi0 and hfi0, but the distribution of this term would not be identi�able, because

it could not be distinguished from the teachers' �grading error", de�ned below. At this stage, we

could also have added a list of controls, including indicators of family-background characteristics,

but we omitted them, mainly to limit the number of parameters to be estimated. It follows that

the groups may capture some of the e�ects of family background. Family-background variables

and other controls will later be used to explain the probability of belonging to a given group, in

separate regressions. We suppose that the test scores in French, denoted yf , and in Math, denoted

ym, at the beginning of grade 6, are two di�erent measures of the same knowledge-capital, that

is,

ymi = hmi0 + εmi0 (3)

yfi = hfi0 + εfi0. (4)

where εm0, εf0 are random variables with a normal distribution and a zero mean, representing

�grading� errors. The latter regression functions will identify the variance of εm0 and εf0.

During the schooling of each student, we observe di�erent variables that we regroup in dif-

ferent categories. There are time-invariant characteristics of the individual, such as family back-

ground observations, denoted X0; time-varying characteristics of the individual denoted Xt,

t = 1, . . . , 5 and time-varying characteristics of the school, used as instruments for class size,

denoted Zt. The variables used in regressions are listed in Table 5.

The instrument for class size exploits discontinuities induced by the application of a class-

opening threshold, as in Angrist and Lavy (1999) and Hoxby (2000). Let Nit denote total grade

enrollment in i's school in year t. The theoretical class size in year t, denoted Zit, is the class

size that would obtain if the headmaster's rule was to open a new class, as soon as total grade

enrollment in grade git became greater than τq and to minimize class-size di�erences, where τ is

the class-opening threshold and q is an integer. Given these de�nitions, the theoretical number

of classes in grade git, denoted κit, is by de�nition,

κit = int
[Nit − 1

τ

]
+ 1,

where int[x] is the largest integer q such that q ≤ x. The theoretical number of students per

class in grade git is simply

Zit =
Nit

κit
.

Piketty and Valdenaire (2006) and Gary-Bobo and Mahjoub (2013) show how this function of

total grade enrollment �ts the observed data in the French Educational system. We set the

threshold value τ = 25 because it seems to provide the best �t with Panel 1995. We will see

below that Zit has a strong e�ect in class-size regressions.
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Table 5: Sets of Variables

Time-invariant Time-varying Time-varying
characteristics characteristics instruments
X0 X1,X2,X3,X4,X5 Z1,Z2,Z3,Z4,Z5

Gender. Foreign language studied. Theoretical class size
Father's occupation. Special education zone. (i.e., Maimonides'
Mother's education. Number of foreigners in school. Rule)
Number of Siblings. Class size.
Grade retention in primary school. Total school enrollment.
Private sector in primary school. Size of the urban area.

Private sector.

4.2 Knowledge-capital accumulation

Knowledge, or human capital, accumulates according to the following equation:

hi1 = a1ni1 + b1Xi1 + c11 + c12Gi2 + c13Gi3 + c14Gi4, (5)

where ni1 denotes class size in individual i's class, grade gi1 = 1. Again, in equation (5), Group

1 is the reference, so that c11 is the impact of Group 1 on hi1, and the impact of group k is

c11 + c1k for all k > 1.

Many studies have established that class size is an endogenous variable. In particular, avail-

able evidence for France shows that class size is positively correlated with student performance be-

cause smaller classes are typically used to redistribute resources in favor of weaker students, or in

favor of schools located in areas targeted for special help in education (see Piketty and Valdenaire

(2006); Gary-Bobo and Mahjoub (2013)). We therefore model class size ni1 separately, as follows.

Using Group 1 as the reference, we have,

ni1 = α11Xi1 + α12Zi1 + β11 + β12Gi2 + β13Gi3 + β14Gi4 + ζi1 (6)

The random term ζi1 is an independent, normally distributed error.

Since we do not have any quantitative measure of performance at the end of grades g ∈
{1, 2, 3}, repeated or not, we de�ne a single, latent education score for those years. In grade 6,

i.e., if git = 1, we de�ne the latent variable,

yi1 = hi1 + εi1 (7)

where ε1 is an independent normal error with a zero mean.

An individual is promoted to grade 7, i.e., gi,2 = 2, if his(her) human capital is high enough,

and repeats a grade otherwise. The promotion decision is modeled as a simple Probit. Let C11

be a human-capital threshold above which students are promoted. We have,

Si1 =

P if y1i ≥ C11

R if y1i < C11.
(8)
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The distribution of ε1 is assumed to be standard normal, as usual in such a case, to identify the

coe�cients of the latent index. Given our speci�cation of h1 given by (5) above, we see that the

model will only identify the constant

δ11 = C11 − c11.

This is of course technically equivalent to normalizing C11, but, in principle, C11 is the human-

capital level above which students pass, while c11 is the speci�c mean level reached by Group 1

students in the hypothetical situation n1 = X1 = 0. In essence, our model identi�es di�erences

between groups, not the absolute mean level of a group.

4.3 From second to �fth year

Similarly, still using Group 1 as the reference, in the second and third years, the human capital

has the following representation.

If git = t (non-repeaters),

hit = atnit + btXit + ct1 + ct2Gi2 + ct3Gi3 + ct4Gi4. (9)

If git < t (repeaters), we have

hit = atrnit + btrXit + ct1r + ct2rGi2 + ct3rGi3 + ct4rGi4. (10)

The class-size equations are speci�ed as follows.

If git = t (non-repeaters), we have,

nit = αt1Xit + αt2Zit + βt1 + βt2Gi2 + βt3Gi3 + βt4Gi4 + ζit, (11)

where ζit is an independent normal random variable.

If git < t (repeaters), we have,

nit = αt1rXti + αt2rZit + βt1r + βt1rGi2 + βt3rGi3 + βt4rGi4 + ζitr. (12)

where ζitr is an independent normal random variable.

At the end of the second and third years, if the student has not repeated a grade before,

he or she can either pass to the next grade (P), repeat the year (R) or be redirected towards

a vocational track (V). We model these three di�erent transitions with an Ordered Probit.

Promotion or retention decisions are made by the teachers' sta� meetings (i.e., the conseils de

classe), at the end of every school year. In essence, these sta� meetings base decisions on the

student's grade-point average (hereafter GPA) at the end of the year, and decide whether to

promote, to hold back, or to �steer" the student towards vocational education. Students with a

GPA above a certain threshold are promoted; students with a low record are �steered"; students

with a mediocre, below-the-average record repeat the grade, if the teachers' committee thinks

that they can bene�t from the repetition. It seems reasonable to assume that the promotion

decision is based on some average of the teachers' assessments of the student's cognitive capital,
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plus an unobserved individual e�ect, re�ecting other unobservable factors that the members of

the teaching sta� take into consideration. We have in mind that the student's unobservable GPA

in year t is highly correlated with the latent capital hit, or to �x ideas, that hit is the GPA in year

t plus some random factor. We then model the unobservable capital hit as an educational output,

which is the result of some educational inputs: class-size, time-varying variables, and individual

ability, as captured by the group indicator Gik. Given this, and given the clear hierarchy of the

three possible decisions, it seems reasonable to use an Ordered Probit structure.

De�ne �rst the latent variable

yit = hit + εit,

where εt is an independent normal error. The decision Sit is then speci�ed as follows,

Sit =


V if yit < Ct

R if Ct ≤ yit < Dt

P if yit ≥ Dt,

(13)

where Ct and Dt are the Probit cuts. We assume that εt has a standard normal distribution. As

above, the model in fact identi�es only the di�erences,

δt1 = Ct − ct1, and δt2 = Dt − ct1.

In the sample, a student never repeats a grade twice. Thus, the model embodies the fact that, if

the student has already repeated a grade, he or she cannot repeat a second time. For repeaters,

the possible decisions are: promotion to the next grade or redirection. We model the two di�erent

transitions with a simple Probit. We �rst de�ne the latent variable,

yitr = hit + εitr,

where εtr is an independent normal error. The decision Sitr is then speci�ed as follows,

Sitr =

P if yitr ≥ Ctr

V if yitr < Ctr,
(14)

where Ctr is a threshold, and we assume that εtr has a standard normal distribution. The model

identi�es only the di�erence, δtr = Ctr − ct1r.

It follows from these assumptions that the latent human capital hit is a�ected by the promo-

tion and retention decisions, because all the coe�cients are free to vary in expressions (9) and

(10), as well as in the auxiliary class-size equations (11)-12), to describe a di�erent productivity

of inputs for students who repeated a grade.

The test scores in French, denoted yf4, and in Math, denoted ym4 are two di�erent measures

of the �nal human capital. For non-repeaters, with obvious notations for the random error terms,
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we have,

ymi4 = hmi4 + εmi4, (15)

yfi4 = hfi4 + εfi4, (16)

where εm4 and εf4 are independent normal random variables. For repeaters, at the end of grade

9, test scores in French are observed in year t = 5 and denoted yf5. Similarly, test scores in

Mathematics are denoted ym5. We have two di�erent measures of the repeaters' �nal human

capital, with obvious notations for the independent random error terms,

ymi5 = hmi5 + εmi5, (17)

yfi5 = hfi5 + εfi5. (18)

The functions hmit and hfit, with t = 4, 5 have the same speci�cation as hit (as given by (9)

above), with coe�cients amt, bmt, cmt and aft, bft, cft, etc., that may be di�erent for Mathematics

and French. Our model is now fully speci�ed.

5 Estimation Method

The estimation method is a variation on the EM algorithm. Let Yi be the set of outcomes

observed for individual i : Yi = (ymi0, yfi0, Si1, ..., Si4, ymi4, yfi4). Let X = (X1, X2, X3, X4, X5)

and Z = (Z1, Z2, Z3, Z4, Z5). Then, we denote θ the vector of all model parameters, namely,

θ = (p1, p2, p3, p4, ai, bi, cij , αi, . . . ). We replicate each individual i in the sample to create 4

di�erent arti�cial observations of i. Student i's replicas di�er by the unobserved type, or group

k only, but the values of Xi, Yi and Zi are the same for each replica. We arbitrarily choose

initial values for the unconditional prior probabilities of the groups pk, k = 1, . . . , 4, and for the

posterior probabilities of belonging to a certain group knowing the observed characteristics of i,

that is, pik = P(Gik = 1|Y,X,Z). They will be updated after each iteration.

The estimation algorithm can be described as follows.

1. We �rst run 20 weighted regressions and Ordered Probits.

(a) Two regressions for the initial test scores in Math and French.

(b) Two regressions of class size by grade: one for the repeaters and one for the non-

repeaters (except for the �rst year, because there are only non-repeaters in year t = 1

and for year t = 5, because there are only repeaters). This amounts to 8 regressions.

(c) One simple Probit to model the transition at the end of grade 6 in year t = 1. Two

Ordered Probits to model the decision at the end of grades 7 and 8 for non-repeaters.

Three simple Probits to model steering decisions relative to repeaters in grades 6, 7

and 8. There are 4 Probits and 2 Ordered Probits in total.

(d) Two �nal test-score regressions in Math and French, for repeaters and non-repeaters

(4 regressions).
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2. We obtain an estimation of θ by means of our system of weighted regressions and weighted

Probits.

3. The residuals of regressions and the probabilities of passing to the next grade are collected

to compute the individual contributions to likelihood, that is, by de�nition,

li(X,Z, Y, θ) =
K∑
k=1

pkli(Y,X,Z, θ | Gik = 1). (19)

4. Individual posterior probabilities pik of belonging to a group are then updated, using Bayes'

rule and the likelihood as follows,

pik = P(Gik = 1|Y,X,Z, θ) = pkli(Y,X,Z, θ | Gik = 1)∑K
j=1 pjli(Y,X,Z, θ|Gjk = 1)

. (20)

These individual probabilities are then averaged to update the prior probabilities pk, as

follows,

pk = P(Gk = 1) =
1

N

N∑
i=1

pik. (21)

5. A new iteration begins until convergence of the estimated unconditional probabilities.

All standard deviations have been bootstrapped, using 50 drawings with replacement in the

sample.

The estimation method used here has been advocated and justi�ed by various authors

(Arcidiacono and Jones, 2003; Bonhomme and Robin, 2009).

6 Estimation Results

6.1 Distribution of groups

Table 6: Estimated Group Probabilities

Group 1 Group 2 Group 3 Group 4

Probabilities 15.54 % 31.16 % 33.56 % 19.74 %
(0.69) (0.64) (0.58) (0.82)

The results of the algorithm, using K = 4 groups, are given by Table 6. We chose to use only 4

groups because of weak identi�ability and computational problems when K > 4. In Table 7, we

compare the most likely groups of individuals, estimated with the full model, called Classi�cation

1, with the results of a limited sub-model, based on grade 6 entry scores only, called Classi�cation

2. Both models have 4 unobserved types or groups. This has been done to try to assess the

impact of initial test scores on the individual's posterior probabilities of belonging to a group.

In other words, are students fully predetermined by their initial stock of knowledge? We observe

that, according to Classi�cation 2, 75% of Group 1 individuals are also most likely to become
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Table 7: Comparison of Two Classi�cations

Classi�cation 2

Classi�cation 1 Group 1 Group 2 Group 3 Group 4 Total

Group 1 74 % 1 % 0 % 3 % 2021
Group 2 24 % 59 % 2 % 61 % 4076
Group 3 0 % 38 % 48 % 34 % 4383
Group 4 2 % 2 % 50 % 2 % 2656

100 % 100 % 100 % 100 %

Total 2547 2883 4967 2739 13136

members of Group 1, according to Classi�cation 1 (the full model). Observing the grade 6 scores

in Math and French only allows us to assign the student to the �rst group, to a large extent.

But Group 4 students are not predetermined by their entry test scores, since less that 2% of

the students assigned to Group 4 on the basis of the latter scores end up being members of

Group 4 in the full model. The corresponding percentages are 59% and 48% for Groups 2 and

3, respectively. We conclude that, with the exception of Group 1, unobserved types are far from

being perfectly predicted in year t = 1 (i.e., in grade 6). It seems that the weakest students are

easily detected from the beginning, but the brightest students are not. We will come back to

this point in the general discussion of estimation results below.

Table 8 presents the parameters obtained when we regress the individual posterior proba-

bilities of belonging to a certain group k, de�ned as pik above, on the socio-demographic and

family-background variables X0. We �nd that the probabilities of belonging to the two extreme

groups, Group 1 and Group 4, are quite well predicted by the social background, with an R2

superior to 14%. These results also show, among other things, that when the mother is edu-

cated and the father is an executive, the probability of belonging to Group 4 is signi�cantly

increased. Group 2 and Group 3 are not so easy to distinguish on the basis of observed student

characteristics.
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Table 8: Individual Group Probabilities and Family Background

Group 1 Group 2 Group 3 Group 4

Female 0.0493*** 0.0388*** -0.00773 -0.0804***
(0.00565) (0.00766) (0.00779) (0.00638)

Mother education: -0.0126 -0.0167 0.0234** 0.00594
Junior High School (0.00873) (0.0118) (0.0120) (0.00985)

Mother education: -0.0521*** -0.0175 0.0531*** 0.0165
Vocational Certi�cate (0.00937) (0.0127) (0.0129) (0.0106)

Mother education: -0.0901*** -0.103*** 0.0550*** 0.138***
High-School Graduate (0.0109) (0.0147) (0.0150) (0.0123)

Mother education: -0.0864*** -0.154*** 0.0832*** 0.157***
2 years of college (0.0118) (0.0160) (0.0162) (0.0133)

Mother education: -0.103*** -0.174*** 0.0240 0.253***
4 years of college and more (0.0142) (0.0192) (0.0195) (0.0160)

Father occupation: -0.0514*** -0.0373 0.0100 0.0786***
Executives and educated professionals (0.0181) (0.0245) (0.0250) (0.0204)

Father occupation: -0.00141 0.0674*** -0.0314 -0.0346*
White collars (0.0184) (0.0249) (0.0253) (0.0207)

Father occupation: 0.0557*** 0.0777*** -0.0696*** -0.0638***
Blue collars (0.0169) (0.0229) (0.0233) (0.0191)

More than three children in family 0.0845*** 0.0004 -0.0432*** -0.0418***
(0.00840) (0.0114) (0.0116) (0.00949)

Retention in primary school 0.206*** 0.0412*** -0.169*** -0.0781***
(0.00731) (0.00990) (0.0101) (0.00825)

Quarter of birth
Q2 0.0000 0.0144 -0.0193* 0.0049

(0.0077) (0.0105) (0.0107) (0.0087)
Q3 0.0198** 0.0256** -0.0331*** -0.0123

(0.0085) (0.0115) (0.0117) (0.0096)
Q4 0.0145* 0.0463*** -0.0260** -0.0349***

(0.0087) (0.0117) (0.0119) (0.0098)

R2 0.187 0.059 0.060 0.143

Linear regressions of probabilities pik on controls X0. Standard errors are in parentheses; ***, ** and
* indicate signi�cance at the levels of 1, 5, and 10%, resp. There are 12,937 observations.

6.2 Group e�ects on test scores

We present here the estimated parameters of group e�ects and class size. Table 9 shows the

estimated coe�cients for the initial test scores (at the beginning of grade 6) and the �nal test

scores (at the end of grade 9). Group 1 is the reference. We see how well the four groups

are de�ned. Scores in French and Math increase with group k and the estimated coe�cients

yield the same ranking of ability groups in all columns, except the rightmost column of Table

9. More precisely, Group 4 has everywhere the highest scores, with the exception of Group 4

repeaters, in French, but the latter coe�cient is estimated with less precision than the others.

Intuitively, this is because Group 4 students have a low probability of repeating a grade. Apart

from this exception, Group 4 is above Group 3, which in turn dominates Group 2, and Group 1

is unambiguously the lowest ability group.



Grade Retention and Unobserved Heterogeneity 149

Table 9: Estimated Impact of Groups and Class Size on Test Scores

Score in Math Score in French

Initial Final Initial Final

Non-repeaters Repeaters Non-repeaters Repeaters

Class size t = 4 -0.25*** -0.25***
(0.03) (0.04)

Class size t = 5 -0.19*** -0.25***
(0.07) (0.05)

Group 2 10.44*** 8.14*** 5.32*** 10.82*** 9.10*** 5.80***
(0.27) (0.57) (0.67) (0.23) (0.65) (0.69)

Group 3 19.17*** 15.80*** 9.07*** 19.16*** 16.65*** 10.13***
(0.22) (0.62) (0.91) (0.30) (0.61) (0.73)

Group 4 25.42*** 26.18*** 16.05*** 25.60*** 27.50*** 9.22**
(0.25) (0.62) (5.24) (0.28) (0.68) (5.18)

Constant 35.34*** 41.88*** 43.31*** 35.20*** 40.87*** 44.29***
(0.24) (0.92) (1.71) (0.26) (0.94) (1.20)

R2 0.68 0.60 0.18 0.68 0.63 0.21

Standard errors are in parentheses; ***, ** and * indicate signi�cance at the levels of 1, 5, and 10%,
resp.

If we now focus on �nal scores, it is easy to see that Group 1 gets higher scores on average

when a grade was repeated (i.e., this is because the constant is higher). In contrast with Group 1,

individuals in Groups 3 and 4 who didn't repeat a grade obtain higher scores than the repeaters

of these two groups. Take Group 3 for instance. To obtain the �nal score in Math of the average

Group 3 student who repeated a grade, we add the constant in the column, i.e., 43.31 to the

di�erential impact of Group 3, i.e., 9.07. The total is 52.38. But if we compute the corresponding

term for Group 3 non-repeaters, in Math, we obtain, 15.80 + 41.88 = 57.68. Grade repetition

seems detrimental to Group 3. The same is true with Group 4. For the latter group, the

corresponding additions yield 68.06 in the non-repeaters' column and 59.36 in the repeaters'

column. However, individuals in Group 2 get approximately the same increase in their score,

whether they repeat or not.

6.3 Promotion decision model and e�ects of class size

If we now look at the top rows in Table 9, we �nd that increasing class-size has a negative impact

in grade 9 for all students. The standard deviation of class size is around 3. 7 It follows that the

estimated impact of a standard deviation of class size is around three quarters of a normalized

test-score point for non-repeaters, or 7.5% of the standard deviation of test scores. The signi�cant

negative coe�cient on class-size appears because we control for unobserved heterogeneity, and

therefore, for the endogeneity of this variable. Otherwise, the coe�cient on class size would be

positive (we return to this question below, when we discuss the class-size regressions). This being

said, we do not �nd a very strong class-size e�ect on �nal scores (a quarter of a point, or 1/40th

7To be precise, the standard deviation of class size in year t, denoted σnt has the following values σn1 = 3.02,
σn2 = 2.90, σn3 = 3.32, σn4 = 3.38.
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of the standard deviation of test scores, for a one-student reduction in class-size).

Table 10: Estimated Impact of Groups and Class Size on Promotion Decisions

Dependent Class size Group 2 Group 3 Group 4 Cut 1 Cut 2 Cut R
variable ↓ δt1 δt2 δtr
S1 −0.025∗∗∗ 0.67∗∗∗ 2.24∗∗∗ 2.45∗∗∗ −1.13∗∗∗

(0.007) (0.04) (0.12) (0.72) (0.16)
S2 repeaters 0.010∗∗ 4.29∗∗∗ 4.22∗∗∗ 3.17∗∗∗ −1.80∗

(0.04) (0.42) (0.61) (1.3) (1.12)

S2 −0.004 0.63∗∗∗ 1.62∗∗∗ 2.72∗∗∗ −0.85∗∗∗ −0.08
(0.006) (0.044) (0.057) (0.64) (0.14) (0.14)

S3 repeaters −0.016∗ 0.38∗∗∗ 0.92∗∗∗ 4.43∗∗∗ −0.93∗∗∗

(0.012) (0.017) (0.24) (1.37) (0.29)

S3 0.045∗∗∗ 0.33∗∗∗ 0.92∗∗∗ 1.67∗∗∗ −0.64∗∗∗ 0.34∗∗

(0.006) (0.05) (0.06) (0.17) (0.18) (0.16)
S4 repeaters 0.035∗∗∗ 0.33∗∗∗ 0.65∗∗∗ 0.55 −0.002

(0.01) (0.07) (0.12) (1.91) (0.24)

The promotion decisions St are modeled with the help of an Ordered Probit. They take the value 0 for
redirection, 1 for retention and 2 for pass. Standard errors are in parentheses; ***, ** and * indicate
signi�cance at the levels of 1, 5, and 10%, resp.

Table 10 shows the main parameters of the promotion decision model. Dependent variables

determine rows, while the coe�cients of a given explanatory variable in equations are displayed

in the same column. A higher group label means a higher average knowledge-capital. As a

consequence, the greater the group label, the greater the probability of passing to the next

grade, for non-repeaters as well as for repeaters, in each grade. The estimated coe�cients re�ect

this ranking of groups very clearly, again, with the exception of the impact of Group 4 in the

Probit concerning grade 8 repeaters (i.e., S4 repeaters). The latter coe�cient is not estimated

with precision because Group 4 students have a small probability of repeating a grade. Apart

from this exception, all other coe�cients are estimated with good precision. The �rst column of

Table 10 shows that increasing class size decreases the probability of promotion to grade 7, but

has a non-signi�cant (or even a positive impact) on pass rates in later grades.
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Table 11: Estimates of Class-Size Equation Parameters

Dependent Maimonides' Rule Constant Group 2 Group 3 Group 4 R2

variable ↓
Class size t = 1 0.32*** 16.09*** 1.12*** 1.75*** 1.78*** 0.20

(0.02) (0.36) (0.18) (0.15) (0.16)
Class size t = 2 0.49*** 14.81*** 0.68*** -5.75*** 3.15* 0.25
(repeaters) (0.05) (1.09) (0.27) (1.51) (2.35)

Class size t = 2 0.37*** 15.17*** 1.07*** 1.85*** 1.96*** 0.21
(0.02) (0.17) (0.30) (0.14) (0.16)

Class size t = 3 0.36*** 16.06*** 0.53*** 1.13*** -1.96* 0.18
(repeaters) (0.05) (0.91) (0.17) (0.32) (1.27)

Class size t = 3 0.35*** 13.66*** 1.87*** 2.90*** 3.10*** 0.24
(0.05) (0.40) (0.22) (0.20) (0.26)

Class size t = 4 0.33*** 15.61*** 0.95*** 2.00*** 1.85 0.19
(repeaters) (0.05) (0.90) (0.22) (0.29) (2.16)

Class size t = 4 0.35*** 14.05*** 1.62*** 2.62*** 2.94*** 0.26
(0.02) (0.46) (0.34) (0.26) (0.29)

Class size t = 5 0.26*** 16.34*** 0.91*** 2.67*** 0.32 0.22
(repeaters) (0.04) (0.73) (0.32) (0.31) (2.92)

Standard errors are in parentheses; ***, ** and * indicate signi�cance at the levels of 1, 5, and 10%,
resp.

6.4 Endogeneity of class size

Table 11 �nally gives the coe�cients of group dummies and of instruments in class-size equations.

Each row in the table corresponds to a dependent variable. One of the class-size instruments is

theoretical class size (i.e., Maimonides' rule), that is, the class size that would be experienced

by the student if a class-opening threshold of 25 was applied, given total grade enrollment. The

coe�cient of this variable is signi�cant and positive, as expected. We also �nd that class size

increases with the ability (i.e., the group) of students. The only exceptions are the coe�cients on

Group 4 dummies, that cannot be estimated with precision among grade repeaters. These results

prove that class-size is strongly endogenous, and that it is used as a remediation instrument by

school principals.

Our estimates are robust if the group dummies are exogenous variables in each year. To

check this, we regressed the posterior probabilities of belonging to a group over a set of permanent

individual characteristicsX0 and the time-varying characteristicsX1, X2, X3, X4, X5. The results

of these latter regressions are not presented here, but they show that, if the coe�cients on X0

are strongly signi�cant, in contrast, time-varying characteristics are not signi�cant. Thus, our

model seems well speci�ed (and we found a con�rmation of well-known results). A better social

background (that is, richer, more educated and more quali�ed parents) signi�cantly increases

the initial capital and therefore, the probability of belonging to high-ability groups.

7 The Treatment E�ects of Grade Retention

We now turn to the key question of the present paper: the treatment e�ects of grade repetition.

The model will be used to compute counterfactuals.
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7.1 E�ect of grade retention on grade 9 scores

Each individual i has a posterior conditional probability pik of belonging to each of the four groups

k = 1, . . . , 4. For each individual and each of his (her) possible types, we compute a counterfactual

class size and a counterfactual �nal test score. Each individual has four counterfactual �nal scores

and four counterfactual �nal class sizes. Using the posterior probabilities, we can then compute

expected counterfactual grades.

For each group, and for each student who hasn't repeated a grade,

1. we compute the class size he or she would have experienced in grade 9, if he or she had

repeated a grade.

To do this, we assume that the student doesn't move to a di�erent school and that his class

environment has the same characteristics (same number of foreigners, same foreign language

chosen, same size of the urban area, same sector (private or public), same classi�cation as

priority education zone). However, we use the information that we have on total school

enrollment and total grade enrollment in the same school one year later.

2. we compute the grade predicted in grade 9 if the student had repeated a grade (this

counterfactual is denoted Y c
r ).

For each grade repeater and each group,

1. we compute the class size predicted in grade 9 if the student had not repeated a grade;

2. we compute the student's predicted grade in grade 9 if he or she had not repeated a grade

(this counterfactual is denoted Y c).

Let Nr denote the number of individuals who repeated a grade and let Np denote the number

of individuals who didn't repeat a grade. Of course, we have, N = Np + Nr. Let yri be the

observed �nal grade of i, if i is a repeater. Let yi be the observed �nal grade of i, if i never

repeated a grade. We can now compute the following treatment e�ects.

The average treatment e�ect (i.e., ATE) is de�ned as follows.

ATE =
1

N

∑
i∈Np

4∑
k=1

(E(Y c
ri | Gik = 1)− yi)pik +

∑
i∈Nr

4∑
k=1

(yri − E(Y c
i | Gik = 1))pik

 , (22)

where pik = P(Gki = 1|X,Z, Y ) is i's posterior probability of belonging to Group k. In the

above expression, E(Y c
ri|Gik = 1) and E(Y c

i |Gik = 1)) are the predictions of i's �nal grades,

in the counterfactual situations of grade repetition and not repeating, respectively, using the

estimated regression functions, and conditional on belonging to Group k.

The average treatment e�ect on the treated (i.e., ATT ) is then,

ATT =
1

Nr

4∑
k=1

∑
i∈Nr

(yri − E(Y c
i | Gik = 1))pik. (23)

We also compute an ATE by group. For Group k, the average treatment e�ect ATEk is de�ned
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as,

ATEk =
1

Npk

∑
i∈Np

(E(Y c
ri | Gik = 1)− yi)pik +

∑
i∈Nr

(yri − E(Y c
i | Gik = 1))pik

 , (24)

where pk = (1/N)
∑

i pik. The, ATT within group k, denoted ATTk, can be de�ned in a similar

way,

ATTk =
1∑

i∈Nr
pik

∑
i∈Nr

(yri − E(Y c
i | Gik = 1))pik. (25)

Table 12: Counterfactuals required to compute the probabilities of accessing grade 9

Grade 7 Grade 6R Grade 8 Grade 7R Grade 8R

History Pr(S2) n2 Pr(S2r) n2r Pr(S3) n3 Pr(S3r) n3r Pr(S4r) n4r
1234 C C C C C C
12334 C C C C
12234 C C C C
11234 C C C C
1233V C C C C
1223V C C C C
1123V C C C C
123V C C C C C C
122V C C C C C C
112V C C C C C C
12V C C C C C C C C
11V C C C C C C C C

Letter C indicates that a counterfactual value has been computed. Letter R indicates that a grade-
repeater model is used. Pr(St) means the probability distribution of decision St ∈ {P, V,R}. nt denotes
class-size in year t. Subscript r indicates the speci�c model for grade repeaters, Str ∈ {P, V }.

7.2 E�ect of grade retention on the probability of access to grade 9

Individual i's estimated probability of access to grade 9, knowing Group k, is denoted P9ik and

can be decomposed in the following way:

P9ik = Pr(Si1 = P | k) Pr(Si2 = P | k) Pr(Si3 = P | k) (does not repeat)

+Pr(Si1 = P | k) Pr(Si2 = P | k) Pr(Si3 = R | k) Pr(Si4r = P | k) (repeats grade 8)

+Pr(Si1 = P | k) Pr(Si2 = R | k) Pr(Si3r = P | k) Pr(Si4r = P | k) (repeats grade 7)

+Pr(Si1 = R | k) Pr(Si2r = P | k) Pr(Si3r = P | k) Pr(Si4r = P | k), (repeats grade 6)

where, to simplify notation, we denote Pr(Sit = X | k) = Pr(Sit = X | Gik = 1), for all

X = P,R, V . If the government decides to abolish grade retention (but keeps the possibility of

steering students towards the vocational track) then, the only way of reaching grade 9 is to pass

the three grades directly. Let P c
9ik be the counterfactual probability of accessing grade 9 when

grade retention is abolished. Given that no student is redirected to the vocational track at the
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end of grade 6, this probability can be expressed as follows,

P c
9ik = Pr(Si2 = P | k) Pr(Si3 = P | k).

To �nd the average treatment e�ect of grade retention, we need to compute the individual

probabilities P9ik and P c
9ik for all the students in the sample, including those who have actually

been redirected. This requires the computation of many counterfactuals.

Table 13: Average Treatment E�ects of Grade Retention

Probability of
Mathematics French access to grade 9

ATE ATT ATE ATT ATE ATT

Group 1 2.43 2.45 3.09 3.20 −0.11 −0.11
(0.76) (0.76) (0.81) (0.80) (0.014) (0.014)

Group 2 0.12 0.36 0.18 0.47 −0.12 −0.12
(0.42) (0.42) (0.41) (0.42) (0.012) (0.012)

Group 3 −3.79 −2.92 −3.66 −2.77 −0.09 −0.10
(0.76) (0.75) (0.60) (0.59) (0.022) (0.023)

Group 4 −6.68 −14.08 −6.86 −14.22 −0.06 −0.06
(4.61) (4.53) (4.54) (4.52) (0.07) (0.07)

All −2.56 0.27 −3.73 0.71 −0.09 −0.11
(0.85) (0.31) (0.94) (0.33) (0.017) (0.008)

Standard deviations are in parentheses.

For those who repeated grade 6 and then passed or were redirected, we need counterfactual

class sizes and counterfactual school-environment characteristics for year 2 and 3, that they

would have experienced, had they not repeated a grade. For those who repeated grade 5 or have

been redirected at the end of grade 5, we need their counterfactual class size and counterfactual

characteristics for year 3, as if they hadn't repeated this grade. Finally, for those who were

never held back, we need the counterfactual class size and characteristics that they would have

experienced, had they repeated a grade. Table 12 summarizes the counterfactual probabilities

and the counterfactual class size we computed for each di�erent grade history. Then we can

compute the following treatment e�ects. The average treatment e�ect is,

ATE =
1

N

4∑
k=1

∑
i∈Nr

(P9ik − P c
9ik)pik +

∑
i∈Np

(P9ik − P c
9ik)pik

 .

The average treatment e�ect on the treated is then,

ATT =
1

Nr

4∑
k=1

∑
i∈Nr

(P9ik − P c
9ik)pik.
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7.3 Results and discussion

Table 13 displays the results of the various computations. The last row in this table shows the

overall results. If we consider the �nal tests scores in Math and French (at the end of grade 9),

the ATT is positive, but small. Given that the mean value of the scores is 50 with a standard

deviation of 10, the e�ects are smaller than a tenth of a standard deviation and barely signi�cant.

The ATE is clearly negative in Math and in French. As we will see, this is mainly due to the fact

that the most able students would su�er from grade repetitions. If we now look at the values

of ATEk and ATTk, the treatment e�ects within group k, it is easy to see that only Group 1

students bene�t for grade repetitions. The e�ect of grade repetitions is not signi�cantly di�erent

from zero for Group 2 students. In contrast, in the case of Group 3, and Group 4, both the ATE

and the ATT are negative, in Math and in French. This shows that grade repetition hurts the

students belonging to top groups.8 We conclude that grade repetitions have some usefulness for

the weakest students, with an e�ect of the order of a quarter of a standard deviation on the �nal

grades.

8Note that ATTk and ATEk should be equal for each k, if Group k was the only variable used to predict
counterfactual scores. But other control variables are used to predict these scores, such as class size, family
background characteristics, etc. This determines di�erences between ATTk and ATEk in Table 13. However, the
di�erences are neither large nor signi�cant.
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Figure 2: Histogram of Individual Probabilities of Access to Grade 9
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Figure 3: Histograms of Probabilities of Access to Grade 9, by Group

0
50

0
50

.4 .6 .8 1 .4 .6 .8 1

Group 1 Group 2

Group 3 Group 4

P
er

ce
nt

Probability
’

Figure 4: Histograms of Counterfactual Access Probabilities, by Group
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We now discuss the e�ect on the probability of access to grade 9. The treatment e�ects of

grade repetition on �nal scores rely essentially on the regression equations determining the �nal
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test scores, and the latter equations are estimated with the subset of individuals who reached

grade 9. The fact that this population is selected is taken into account by the posterior individual

probabilities pik. But it is reassuring to derive results for an outcome that depends on the entire

structure of the model. This is the case of access to grade 9, because the probabilities P9ik,

de�ned above, depend on all the decision and class-size equations.

It is striking to see that in Table 13, the ATT s and ATEs of grade retention are all negative,

even if we consider within-group treatment e�ects. This means that introducing grade retention,

if grade retention does not already exists, will be detrimental to students, on average, and

detrimental to students of each group, taken separately. The e�ects are particularly strong for

Groups 1 and 2. To see this, we computed the distribution of the individual probabilities P9ik

and individual counterfactual probabilities P c
9ik in the student population. The histograms of

these distributions are displayed on Figure 2.

On Fig. 2 it is easy to see that the counterfactual probabilities have a mass near 1, meaning

that the abolition of grade repetitions would help many students to reach grade 9. Yet, there

are clearly subgroups of individuals that keep a low probability of access: these individuals

bear a high risk of being tracked in vocational programs. We will understand the e�ect of grade

repetition on access to grade 9 more fully if we compute the histograms of P9ik and P
c
9ik separately

for each group. This is done in the following �gures. Figure 3 gives the distributions of P9ik,

while Figure 4 displays the distributions of the counterfactual P c
9ik.

Comparing the histograms, it immediately comes to mind that when grade repetitions are

abolished, access to grade 9 becomes certain for Group 3 and Group 4 students. The e�ect of

abolition is less obvious for the weakest groups, 1 and 2, but in fact, these probabilities increase

and become more favorable. To sum up, these e�ects explain why the treatment e�ects of grade

repetitions on access to grade 9 are unambiguously negative. We see also that these e�ects are

very strong, since a drop of 11 or 12 points of probability, very roughly, amounts to 50% of the

best chances of access to grade 9 among Group 1 and Group 2 students.

The treatment e�ects are positive only for the weakest students, and these e�ects are weak

when they are positive. Given these results, and the results of Table 13 in general, it seems that

we can only recommend the abolition of grade retention. The results of Table 7 suggests a path

for reform. Coming back to this table, we see that the weakest (i.e., the Group 1) students are

more easily detected in grade 6 than other types. In cases of grade retention, forcing weaker

students to follow the same teaching twice is only a rough second best. It would be more e�cient

to track these students from the start of junior high school, with additional remediation resources.

One could imagine a slow track and a fast track, with, say, a year of di�erence in duration to

reach the certi�cation exams at the end of grade 9, and with �exible possibilities of track changes

in both directions. To avoid the stigma of tracking, the slow track should probably be the norm,

and students that seem promising would be steered towards the fast track. A system of that sort

would lead to a more e�cient use of resources than grade repetitions. It would clearly give weak

students better chances of reaching the end of grade 9 with the required stock of knowledge and

skills.
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8 Conclusion

Grade retention is di�cult to evaluate because grade repeaters have been selected on the basis of

many characteristics that the econometrician doesn't observe. The di�cult problem is to �nd a

reasonable model to compute what would be the counterfactual performance of a student who has

repeated a grade, if instead of being held back, he or she had been promoted to the next grade.

To this end, we have assumed that the distribution of student test scores can be represented by a

�nite mixture of normal distributions, conditional on observed covariates, during each year of the

observation period. The class size experienced by a student is also assumed to be distributed as

a mixture of normals. All such mixtures are relying on the same �nite number of latent student

classes, called groups. In a �exible formulation, we show that class-size, probabilities of grade

retention and test scores all depend on the unobserved group in a non-trivial and consistent

way. We estimated a model with four groups and found that the four groups are unambiguously

ranked. The higher the group index, the larger the student's ability, and the larger his class

size. This proves that class size is endogenous, smaller classes being used by school principals

to redistribute resources towards weaker students. With the help of our model, we computed

counterfactual test scores to evaluate the average treatment e�ect and the average treatment

e�ect on the treated of grade retention. We found that the ATE is negative, while the ATT is

generally positive, but small. We computed treatment e�ects in each student group separately,

and found that the ATE is positive for less able students and negative for more able students.

Finally we computed the ATT and ATE of grade retention on the probability of access to grade

9, and found that this e�ect is signi�cant and negative. Grade retention is a form of remedial

education and seems to help the weakest students, insofar as it tends to increase their test scores

at the end of grade 9. But these e�ects are weak. It follows that grade retention could probably

be replaced by a form of tracking, or by di�erent forms of remediation. Other studies have

shown that grade retention is a stigma, that repeated years are interpreted as a negative signal

by employers (on this point, see Brodaty et al. (2012)). The long-run e�ects of grade retention

seem to be detrimental. We can only conclude that grade retention is unlikely to be an e�cient

public policy, because its impact on student performance � when positive � is weak.
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1 Appendix: Details on Quarter of Birth as an Instrument for

Grade Retention

Table 14 displays descriptive statistics on value-added. Scores in grade 6, ranging between 0 and

20, as is usual in French schools, are standardized to have a mean of 50 and a standard deviation

of 10 in the whole sample in grade 6 (including all redirected pupils). Scores in grade 9 are

standardized in the same way in the sample of individuals who reached grade 9. Table 14 shows

that value added, the sign of which is irrelevant because scores are measures of performance

relative to each grade, is nevertheless higher for repeaters than for non-repeaters. This is true

both in French and Mathematics.

Table 14: Descriptive Statistics for Value Added

Math French

Standardized score Balanced samplea Repeaters Balanced samplea Repeaters

Grade 6 51.10 43.25 51.21 43.38
(9.55) (8.48) (9.47) (8.44)

Grade 9 50 43.37 50 43.46
(10) (8.23) (10) (7.87)

VA = Grade 9 − Grade 6 −1.10 0.11 −1.21 0.08
(8.55) (9.63) (8.39) (9.18)

Note a. Sample of all pupils for whom a test score is available both in grade 6 and in grade 9.

There exists a strong link between the age of a child, as measured by the month of birth, or

quarter of birth, and the probability of grade repetition. A look at Figure 5 shows the frequency

of grade retention by quarter of birth9. The probability of grade retention is clearly higher for

children born later in the year. In principle, children must be 6 years old on September 1rst of

year t to be admitted in primary school, grade 1, year t. In practice, many 5-year-old children

born between October and December are admitted, but the 5-year-old children born in the �rst

quarter typically have to wait until the next year. It follows that �rst-quarter students tend to

be relatively older in their class, with an age di�erence that can reach 11 months. Older children

being more mature, they tend to perform better. At the same time, teachers are reluctant to

retain older children in one grade as retention may change a di�erence �being older� into a

stigma �being too old.

Figure 6 shows that initial (grade 6 entry) scores decrease with quarter of birth. The de-

creasing trend also exists for �nal scores but is less pronounced. Figure 7 shows that value-added

scores tend to be higher for relatively younger students, who seem to be catching up during their

junior high-school years. In a �rst attempt to check if this is attributable to grade retention, we

plot value-added by quarter of birth separately for repeaters and non-repeaters. Figure 8 clearly

shows that value-added age pro�les are steeper for repeaters than for non-repeaters.

9Due to the survey protocol, there are no observations for students born in March, July and October.
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Figure 5: Probability of Grade Retention by Quarter of Birth
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Figure 7: Value Added by Quarter of Birth
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Figure 8: Value Added by Quarter of Birth for Repeaters and Non-Repeaters
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Conclusion

I wish these four chapters have contributed to convince the reader that the structural economic

approach of social behaviors which appear in marriage and education is relevant and allows the

derivation of the aggregate e�ect of social behaviors on economic outcomes.

Several lessons may be learned from this dissertation on the formation and organization of

families on one hand, and on the e�ciency of education systems to counteract the inequalities

formed by the family environment on another hand.

First, structural models of marriage which take into account the preferences of individuals

but also the constraints imposed by the marriage market reveal that there exists an attraction of

individuals for educated and rich partners. As education is the main determinant for economic

success, people look �rst for a high educated partner. However, the �rst chapter shows that

as people age, they are more interested in their partner's wage than in their education level.

People seem to be less patient overtime and more interested by material issues.

Actually, I show in the second chapter that in addition the companionship of their partner,

the material gain of living in couples through joint consumption and joint production is an

important part of the overall interest for people to live in couple. Income sharing between mem-

bers and the quantity of time they choose to devote to domestic work or to take care of children,

both depend on their relative wages and also on their bargaining power. The second chapter

proposes a model whose ultimate goal is to evaluate the impact of a family policy program on la-

bor supplies of men and women and on the resources devoted to children (time and expenditure).

Second, the analysis of schooling performances of children highlights their strong dependence

on the family background. Education systems fail in giving the same learning opportunities to

all children. Programs which target particularly disadvantaged children seem to be ine�cient in

improving their results. The third chapter even points out that these programs are less and less

e�cient overtime in France, which leads to an increase in inequalities of performances. A closer

look to the e�ect of grade retention practice in the fourth chapter shows that its e�ect is not the

same on di�erent types of individuals. The less able individuals may bene�t from grade retention

but not enough to maintain this practice at the expense of other more e�cient education policy

reforms.

167







170


