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1 Introduction

Understanding the determinants of educational inequality is valuable, at the least so since

this is a predominant part of income inequality, one of the most worrisome recent trends1.

Family background can influence educational attainments on top and above school systems,

making it hard for a society to foster inter-generational mobility and revert inequality trends.

Additionally, there is evidence of a correlation between mothers’ and children’s educational

attainments, though causality hasn’t been proven yet2. Appraising the role of family, relatively

to schools, and of women empowerment, in affecting children’s educational attainment is the

aim of this paper.

An accurate answer to such a question requires data with enough cross-sectional and

time-series variation. A cross-country perspective is essential to avoid conditionality onto

institutional and cultural backgrounds. And a comprehensive account requires data that allows

the researcher to control for other likely determinants. Such requirements are comfortably

satisfied by the PISA survey data set. This includes the coverage of up to 73 countries,

several waves and numerous variables on family, school and other backgrounds. Not less

important, PISA provides comparable, across countries and regions, scores in math, reading

and science for adolescents. At last, the break up, for some key variables such as education,

between mothers and fathers allows me to quantify the added contribution of the first, while

controlling for assortative mating.

Results show that family cultural and economic background influences children’s attain-

ments significantly more than school characteristics3. An exception is teachers’ quality.

Family cultural background counts more than the economic one. Results are robust to the

inclusion of either family income or wealth. Riveting is the fact that books and art imprints

are more important than ICT devices. Furthermore, I find robust evidence that mothers’

education, a widely agreed proxy for their empowerment, has an additional impact relatively

1See OECD[45], Becker and Chiswick[8]. Educational inequality raises income inequality when its returns
exponentially raise with it, see Goldin and Katz[34]

2See OECD[46]. Experimental evidence on this link is in Decker et. al. [23]
3Given the extensive availability of variables in the surveys, regressors are selected through principal

component analysis to jointly minimize omitted variable bias and multi-collinearity.
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to the fathers’ one4. Unsurprisingly, mothers’ impact raises with their education. In the

baseline OLS specification it is possible that mothers’ additional effect is confounded by the

sorting of high income and high education couples. However, most compelling is the fact

that mothers’ impact is still significant even when controlling for assortative mating through

the use of propensity score matching5. In a further specification I control specifically for

educational homogamy, by including interaction dummies constructed by combining the six

levels of parents’ education. In this case mothers’ additional effect peaks at intermediate

levels and declines afterwards. This suggests that, when controlling for educational sorting,

traditional channels such as higher mothers’ devotion to child rearing might be predominant.

The results above can be rationalized through the lens of an OLG model where households’

decisions are collectively bargained, in which parents hold warm glow preferences and invest

in their children’s education, and in which future generations’ human capital depends upon

their parents’ one6. The last assumption provides the link between children’s attainments

and family background. The collective bargaining allows me to disentangle the separate

role of women empowerment onto the educational investment decision for their children,

particularly so in a specification where I allow for women’s bargaining to depend upon their

education 7. The model also includes the traditional trade-off between work-time, with

market wages increasing with education, and child-rearing time, whose returns manifest in

future generations’ utility. This is important as this trade-off changes at different levels of

mothers’ education and implies that child-rearing devotion peaks at intermediate levels of

education.

Analytically and numerically, it is shown that parents’ education is a major determinant

of their children’s one. Higher labour earnings translate into higher investment in education,

hence into higher human capital for future generations. In the model, mothers’ human capital

counts relatively more due to either higher devotion to child-rearing, an effect which is even

4Possible non linear effects are accounted for by refining parents educational background in six different
levels.

5Abadie and Imbens[1]
6The model follows the tradition of Becker and Barro [7] and Barro and Becker [6].
7The endogenous bargaining follows the specification of de la Croix and Donckt [27]

3



higher in presence of gender wage gap, or when women’s bargaining power increases with

their education. In the devotion channel mothers’ impact raises with education because of

improved quality-time, but declines beyond a certain threshold when wages include a market

premium for education8. The wage premium steepens the trade-off between working and

child-rearing time. When women’s bargaining depends on their education, the empowerment

channel, mothers’ added value comes from their ability to influence households’ decisions,

which includes investments in children’s education. As the value functions of different genders

in future generations are weighted by the genders’ bargaining weights, mothers internalize

the effects of the educational choices on female off-springs, who are themselves in charge

of the child rearing. This gives raise to an empowerment externality. This second effect is

however quantitatively small 9, to the extent that no additional preference weight is given to

different genders in future generations and in presence of a wage gender gap 10

The rest of the paper proceeds as follows. Section 2 reviews the literature. Section 3

presents the data, empirical specifications, and their results. Section 4 presents the model

and its results. Section 5 concludes.

2 Literature Review

Empirically the paper is linked to a group of papers addressing the determinants of educational

attainments. Several papers study the link between educational attainments and parental

income or wealth. Many focus on individual countries, by exploiting exogenous changes

in regulations or other quasi-natural experiments11. Interestingly, many find little role for

economic background and conjecture that other inherited12 or cultural characteristics might

play a role. While the use of exogenous changes in regulations is compelling, the limit of

8The importance of parental time is uncovered in time-use surveys, see Aguiar and Hurst[3], and especially
for highly educated mothers, see Bianchi et. al.[11] and McLanahan[41]

9Mothers’ added value might likely come from additional channels, such as role models or other cultural
transmissions. Those are not considered in my model since they are not quantifiable through the variables
available in the PISA survey

10As standard in two sexes OLG models, parents invest less in their daughters’ education since women devote
less time to the labour market and this reduces the returns to girls’ education

11See Black, Devereux, and Salvanes[13], Bleakley and Ferrie[14], Chevalier, Denny, and McMahon[17], Dahl
and Lochner[22], Hertz et al[37] or Rothstein and Wozny[52].

12Krapohl et. al.[44].
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the single country perspective prevents to reach conclusions which are independent from the

institutional or societal background. Separately other authors have examined the role of

schools 13 or of local social networks 14. Contrary to all of those, this paper takes a cross-

country perspective, confronts parental cultural15 and economic background and compares

the roles of family and school. Moreover, it interacts and compares gender roles in family

achievements. All of the aforementioned analyses are possible by using the PISA data.

Past empirical evidence exists on the positive correlation between mothers’ and children’s

education and cultural values 16. This includes mostly field experiments 17. The cases are

usually again country-specific. The break down, available in the PISA data, between mothers’

and fathers’ education allows me to identify their separate roles for the largest set of countries.

Theoretically, the paper is related to the literature that builds on the altruistic parents

models from Becker and Barro[7] and Barro and Becker[6] and studies the consequences of

intra-households’ decisions for future generations. The model is extended also to account for

women’s bargaining power to depend upon their education level, an empowerment channel,

that helps to account for mothers’ added value to children’s education (The specification with

endogenous bargaining follows de la Croix and Donckt[27].). The collective bargaining set-up

makes the model immune to the criticism surrounding the unitary decisions set-up18 and it

allows me to separately identify the power of mothers and fathers in households’ decisions19.

It also seems appropriate for joint decisions, such as children’s education20.

3 Empirical Analysis

The first goal of the empirical analysis is to assess the role of the family cultural and economic

background against the role of school characteristics. The answer has important policy

13See Ellison and Swanson[31] among others
14Currie and Moretti[21]
15See Giuliano et al.[33] for the importance of cultural attitudes.
16See OECD[46]
17Decker et. al.[23] or Dohmen et. al.[26]
18see Chiappori [18], [19] and Knowles[40] and Kalai[39]
19The importance of women’s empowerment for intra-household allocations is examined in Edlund and

Lagerlöf[30]and Miller[42] and in Doepke and Tertilt[24]for the choice of empowered political regimes.
20See Pollack[49].
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implications as it addresses the ability of societies in reverting inherited inequality trends.

The second goal is to assess the additional contribution of mothers to children’s education,

after controlling for assortative mating. This control is important to rule out the possibility

that the higher correlation between mothers’ and off-springs’ education is driven by parents’

assortative mating or more specifically by their educational homogamy.

3.1 Data and Econometric Specification

The data for the analysis is collected from PISA - the Program for International Student

Assessment21, which has been conducting tests on students aged between 15.3 and 16.2

and surveys of students, families and schools since 2003. Students are assessed in science,

mathematics, reading, collaborative problem solving and financial literacy. I focus on the first

three scores. The data set has several advantages. It is the only comparable cross-country

data set on educational attainments, hence its use makes results unconditional on institutional

or societal background. It provides temporal variation through many waves. And the three

joint questionnaires on students, families, and schools provide a very broad range of possible

scores’ determinants, hence minimizing the risk of unobserved heterogeneity. For instance,

variables on family characteristics include economic background, as well as cultural and

other households’ resources, parents’ education, occupation and time devoted to children.

School variables include information on infrastructure, teachers’ quality, etc. Since several

variables might provide overlapping information and to avoid multi-collinearity, regressors

are selected based on a principal component analysis22. The extracted factors explain more

than half of the variation in the group. A final advantage, particularly of the PISA score, is

their comparability across countries and school systems. The scores are based on a two-hour

computer- or paper-based test. Different groups of students answer different, yet overlapping,

sets of items. This serves the purpose of adapting questions to different countries and

institutional contexts. Furthermore, to obtain maximum comparability, the data is adjusted

21See https://www.oecd.org/pisa/pisaproducts/.
22Combinations of related characteristics are subject to factor analysis with varimax rotation.
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by computing multiple imputations, using so called plausible values 23. Details on this are in

Appendix A.

The baseline econometric specification regresses math, reading and science scores at a time

on family and school factors, controlling for country fixed effects24 and for the children’s

gender and reads as follows25:

yi = µi + β0 + β1MEDi + β2FEDi + Π1Xi + Π2Homei + Π3Schooli + εi (1)

where the index i indicates the household, yi is the PISA score of student i , and can

alternatively be the math, the science or the reading score. Regressions are run either by

pooling observations for all surveys from 2003 to 2013, which contain the same set of variables,

or for the 2015 survey alone, which contains an expanded set of variables. The advantage of

the pooling is the extensive temporal and cross-sectional variation. The advantage of using

the 2015 survey is its expanded set of controls. The regressors include the variables MEDi

and FEDi, which are dummies for mother’s education and father’s education, respectively.

To allow for non-linear effects, six different education levels for each parent are considered.

The group of regressors labelled as Homei contains variables related to domestic resources

and family educational choices. To avoid multi-collinearity the set of regressors is selected

through a principal component analysis (see Appendix A)26. In the benchmark econometric

specification family financial background is measured through wealth, as it is available for all

countries. For robustness, regressions with income, instead of wealth, are also estimated. In

this case the sample is limited to the set of reporting countries. (See Table 1 in Appendix

A). The regressors labelled Schooli represent factors for school characteristics and quality 27

23For robustness the regressions below are estimated on both imputed and non-imputed values. No significant
difference emerges. See also Dustmann et. al.[29].

24Since PISA scores have been made comparable across systems, country fixed effects capture the residual
variation, such as local networks (see Currie and Moretti[21]).

25The data are re-scaled and adjusted using REPEST STATA. See Appendix A.
26Factors for the surveys pooled from 2003 to 2013 include cultural possessions at home, home educa-

tional resources, ICT resources, home possessions. For the 2015 survey additional factors are parents’
communication, support in science, choice of school based on performance, on costs, on religion or
teaching/pedagogical approaches.

27Those include teacher/student ratio, percent of certified teachers, and with graduate degree, inadequacy of
administrative stuff or of teaching stuff. The 2015 survey also includes school infrastructure, percentage
of teachers with master or bachelor, total number of all teachers at school, class size, whether the school
is public or not and the percentage of school funds coming from government.
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Finally, the set of controls, Xi, includes student gender, student age, and whether he/she is

native or not. In this and the following specifications robust standard errors are clustered at

the school level.

Beyond the baseline specification two others are considered. Both allow me to separately

identify the added value of mothers and to control for assortative mating or educational

homogamy. The first, which controls for assortative mating in general, is two-stage procedure

based on propensity score matching analysis. The second, which is more targeted to control for

educational homogamy, includes in the baseline specifications interaction dummies obtained

from combining the the parents’ six education levels. Results are presented next and in

sequence.

3.1.1 Results Benchmark Specification

The results for the benchmark specification and for the pooled waves 2003-2013 are reported

in Table 3. Results are reported separately for math, science and reading. Each sub-column

presents results for alternative measures of family economic background, namely wealth,

income and home resources. Results for the 2015 wave are in Table 6. Therein financial

background is measured by income. Results are as follows.

First, family characteristics, especially income, wealth, cultural possessions and educa-

tional resources have a bigger impact on children’s educational attainments than school

characteristics. Parents’ education is generally significant and positive. The coefficients on

school characteristics are very small and in many cases insignificant. This is even more

so if the regressions include income or resources. Only exceptions are for the 2003-2013

sample, whereby the teacher/student ratio seems to be occasionally significant, and for the

2015 sample, whereby the total number of teachers, their graduate degree and the class size

seem to play a role. Interestingly, for the 2015 sample, public schools have a negative and

significant coefficient.

As for family variables, in the 2015 sample, cultural possessions are significant, while home

possessions are not, an indication that cultural transmission is stronger. In both data samples,

ICT resources are either insignificant or have a negative impact, possibly another indication

8



of the importance of cultural in-heritage. Finally, coefficients on wealth and income are

positive and significant for the 2003-2013 sample. Wealth becomes insignificant for the 2015

wave, hence Table 6 reports results only for income28.

Next, I examine the separate roles of mothers’ and fathers’ education. For the pooled

regression, the mothers’ effect is larger in most of the cases. The fathers’ effect falls mildly

when income or resources are included in the regression29. This is likely due to a larger

correlation between fathers’ education and job-status. In the 2015 wave regression the impact

of fathers’ education becomes insignificant. In this case it seems that the ”time spent in

child rearing” (communication, parents’ support in sciences, etc.) is absorbing the fathers’

contribution. Unfortunately, the survey does not specify the exact share of child-rearing per

parent. To fully assess the added value of mothers, however, regressions should control for

assortative mating or for educational homogamy, something that I will describe in the next

section.

Furthermore, it is of interest to highlight additional results. Native and older students do

better, female students tend to do better in reading, while males do better in math 30 and

the time that parents spend in general communication with their children produces better

results than helping with science, the latter being a sign that independent learning has a

value. Finally, the choice of school based on academic performance is more beneficial than

the one based on economic reasons or religious beliefs.

3.2 Propensity Score Matching Estimator

Mothers’ education might matter more since highly educated mothers tend to assort with

highly educated and highly earning fathers. This might be due either to assortative mating

along several dimensions, like, e.g., education, income, wealth or to just educational homogamy.

Next, I therefore quantify mothers’ added value controlling for both. I start with assortative

mating in general through propensity score matching techniques. The latter allows researchers

28When more variables are included in the specifications, these seem to capture most of the effects channelled
through wealth

29Results are less significant for income due to more limited sample size.
30See Guiso, Monte, Sapienza and Zingales[35] among others for similar results on this.
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to control for possible confounding factors, including assortative mating. For the propensity

score matching the control and the treatment group are divided into bins which share certain

characteristics. The treatment group in our case consists of mothers with high education,

the control group is identified by fathers’ education levels. Treatment and control groups

are linked based on shared characteristics. The estimator of the treatment effect for every

bin is then simply the difference between the outcome variable for that bin and the outcome

variable for its matched counter-part. The global estimator for the average treatment effect

(ATE) is the sample average of the treatment effect, hence in this case all couples in which

the mother has a high education 31.

With potentially many confounding factors, the curse of dimensionality typically compli-

cates the construction of bins, which is based on the choice of covariates. I follow the method

in Rosenbaum and Rubin [53], which uses a unified distance function, namely the propensity

score. The latter is defined as the conditional probability of receiving a treatment, in this

case mothers having a better education, given a set of explanatory variables. Implementation

takes place through a two-stage procedure (see Cameron and Triverdi[15]). In the first step,

a logit model for the treatment, mother’s education, as the outcome variable is estimated

using fathers’ education, wealth and country fixed effects as counfounders. This parsimonious

specification controls for assortative mating and possibly other major confounding factors,

while limiting the bias due to arbitrary choices of the covariates. The fitted values from the

first stage characterize the propensity score, which summarizes the pre-treatment controls.

In the second stage, the following econometric specification is estimated with OLS32:

yi = µi + β0 + β1MEDi + β2PSCOREi + Π1Xi + Π2Homei + Π3Schooli + εi (2)

This second stage regression includes mothers’ education, school variables and the previous

controls, while the impact of other family variables is captured by the propensity score. Table

5 and 8 show results for the pooled regression and for the 2015 one, respectively. Both Tables

31The estimator exists and is consistent under certain conditions, which are the ignorability assumption, the
overlap assumption and random sampling. See Abadie and Imbens[1].

32Estimators are carried on a random choice of the imputed values.
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unequivocally exhibit a higher coefficient on mothers’ education for the math and science

scores, the only exception being the coefficient on the reading score for the pooled regression.

3.3 Interaction Dummies for Assortative Mating

To make the above results independent from specific techniques, this section adopts an

alternative specification, which consists in the inclusion of interaction dummies in the

baseline regression, given by the combinations of the six education levels for mothers and

fathers33. This specification is also more directly tailored to control for educational homogamy.

Table 4 and 7 show results for the usual samples. As before, mothers’ contribution seems to

prevail and increase with education levels. This time however, the pooled regression also

shows that the effect of mothers’ education peaks at intermediate levels. This puts forward

two explanations. The first is a compositional effect, as females’ presence in the highest

levels of education is thin. The second is that mothers contribute more to child-rearing time,

relatively to fathers. If so, this effect is more likely to emerge at intermediate levels. Females

at the highest level of education face a steeper trade-off between the wage premium and the

benefits of child rearing and they might marginally reduce the latter.

4 An OLG Model with Children’s Education

Investment and Empowered Women

Two main results emerge from the evidence above. Family variables have bigger influence

than school ones; mothers’ education adds value on the margin. In this section, I show

that an OLG model with warm glow preferences, human capital accumulation and collective

bargaining for households’ decisions can rationalize and replicate both patterns34. Warm glow

preferences provide an incentive for parents’ investment in education, as the latter affects

future generations’ utility. Human capital accumulation provides the link between parents’

and children’s education levels. Children’s human capital depends on parents’ education

and on a production function that depends upon child-rearing time. It is assumed that

33The omitted category in this setting is both parents having low education.
34The model follows the tradition of Becker and Barro [6] and Barro and Becker [7]
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mothers spend relatively more time than fathers in children’s education35. This is the first

channel capturing mothers’ added value. The collective bargaining36 allows me to separate

the role of mothers’ bargaining power into children’s education investment decisions. In

an extension of the model, women’s bargaining power is endogenized with respect to their

human capital37, i.e. more educated women are more empowered. As mothers’ bargaining

power raises, relatively to fathers’, so does the weight that they put on female off-springs,

who are themselves in charge of child-rearing. Internalizing this intra-generational externality,

mothers bargain more strongly for investment in children’s education, which in turn results

into higher future generations’ human capital. In the model, fertility and education decisions

are endogenous in a way that embeds the traditional quantity-quality trade-off and a market

wage, increasing with education, captures the classical work-time versus child-rearing time

trade-off. The last two elements capture the non-linear nature through which mothers, at

different levels of education, differently substitute child-rearing with work time, an effect

uncovered in the regressions presented in section 3.3.

4.1 Value Functions and Resource Allocation

Each individual lives for two periods. In the first period they only accumulate human

capital, while in the second men and women are randomly matched and form married couples

that jointly choose the family consumption, the number of children and the off-springs’

educational investment subject to the household’s resource constraint. Due to collective

bargaining, household members pool resources, but have separate value functions. Hence

during adulthood, individuals allocate their time endowment between child-rearing and the

labour market. Wages are set in a competitive labour market and increase with human

35See Doepke and Tertilt[24] and others for a similar assumption. The realm of this assumption is confirmed
even in recent studies, see Bianchi [10] and Bianchi, Robinson, and Milkie[11]

36It has been argued that the non-unitary bargaining model is better suited to capture intra-households
decisions, see Chiappori [18], [19], Knowles[40]. The collective-bargaining is the most reasonable for
common households’ decisions, such as children’s education

37I follow the formulation indicated in De la Croix and Donckt[27].
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capital. Individual value functions read as follows:

V i
t = u(cit) + βntEt

{
(1− ηmt+1)V

f
t+1 + ηmt+1V

m
t+1

2

}
(3)

where i = f,m is the index for the female or male individual, β captures the degree of

altruism towards future generations, cit is individual consumption, nt is the family’s number

of children. Parents derive utility also from their off-springs’ value function. The weights on

the future value functions derive from population size, which is assumed to be half for each

gender, and by the respective gender’s bargaining coefficients38. No exogenous disparity is

introduced among genders, meaning that male and female off-springs are equally weighted.

This assumption allows me to isolate the impact of mothers’ bargaining power on future

generations welfare. Men inelastically supply all their time in the labour market, namely

tm = 1, while women bear the child-rearing39. Given a fixed time cost per child, φ, women’s

time allocation at any time t is as follows: tft + φnt + φ(eft + emt ) ≤ 1, where φ(eft + emt ) is the

time cost for educating daughters and sons and where eft and emt is the choice of educational

investment40. The remaining time is devoted to labour.

Labour earnings are: wmt h
m
t and wft t

f
t h

f
t , where tm = 1. Wages are set in a competitive

market and are a function of work-time and human capital. Firms hire both male and female

workers in a competitive labour market and merge their labour supply into a Cobb-Douglas

production function, Yt = A(hmt )1−α(tft h
f
t )
α, implying that:

wft = αAt(h
m
t )1−α(tft h

f
t )
α−1;wmt = (1− α)At(h

m
t )−α(tft h

f
t )
α (4)

The wage’s dependence on human capital provides incentives to invest in it, but also creates

a trade-off between child-rearing and working time.

38These assumptions also make the value function recursive.
39This follows various studies in the literature cited above and has supportive evidence in Bianchi [10]. The

extension to the case in which both parents bear part of child-rearing would not change the main channels
of the model.

40An equivalent formulation would have φ(eft +emt ) as a financial cost entering households’ budget constraint.
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Households choose
{
cmt , c

f
t , nt, e

,m
t , e

f
t

}
to maximize the aggregate household’s value func-

tion at every period t:

V h(hft , h
m
t ) = ηmt V

m(hft , h
m
t ) + (1− ηmt )V f (hft , h

m
t ) (5)

which recursively reads as:

V h(hft , h
m
t ) = max

{cmt ,cft ,nt,e,mt ,eft }

{
ηmt u(cmt ) + (1− ηmt )u(cft )+

1

2
βntEt

[
ηmt+1V

m(hmt+1,
−
hft+1) + (1− ηmt+1)V

f (hft+1,
−
hmt+1)

]}

and where
−
hft and

−
hmt denote the average human capital in the population41, subject to the

the following budget constraint:

cmt + cft ≤ wmt t
m
t h

m
t + wft h

f
t (1− φnt − φ(eft + emt )) (6)

and male and female human capital accumulation, which depends upon parents’ human

capital and upon educational investment through a Cobb-Douglas specification:42:

hft+1 = (Beft )
δ(hft )

γ(hmt )1−γ;hmt+1 = (Bemt )δ(hft )
γ(hmt )1−γ (7)

where 0 < γ < 1, B and δ affect the returns to education, namely
∂hft+1

∂eft
= δB(Beft )δ−1(hft )γ(hmt )1−γ

and
∂hft+1

∂eft
= δB(Beft )δ−1(hft )γ(hmt )1−γ. Note that, in parallel with the empirical specification,

the technology for human capital accumulation is positively assortative 43.

41Sons and daughters randomly marry children from other families, hence the average level of the human
capital for spouses enters the future value function. See also Doepke and Tertilt[24] for a characterization
of parents’ optimization as a Nash game in which other parents’ choices are taken as given.

42See Ben-Porath [9], Heckman [36], Rosen [51]or Garcia and Heckman [32].

43 ∂2hf
t+1

∂hf
t ∂h

m
t

= (Beft )δγ(1− γ)(hft )γ−1(hmt )−γ > 0,, which implies that hte technology is super-modular with

respect to education levels
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4.2 Empowering Channel

In the benchmark model, bargaining weights are set exogenously. In an extended version of

the model bargaining power is set as a function of human capital. I adopt the functional

form proposed by de la Croix and Donckt[27], which reads as follows:

ηmt = (1− ζ)
−
ηmt + ζ

(hmt )µ

(hmt )µ + (hft )
µ

(8)

The term (1 − ζ)
−
ηmt captures the component assigned by the society to men, while the

second term captures the dependence of women’s bargaining power upon their education.

Women with higher education, by possessing higher critical understanding and psychological

self esteem, also possess higher ability to negotiate and to affect households’ decisions (see

Kabeer[38] and more recently Murphy-Graham[43]).

4.1 Optimality and Equilibrium Conditions

The set of equilibrium conditions is derived for a general specification of the bargaining

weight, which will be later specified as either exogenous or endogenous. Under a CES utility

with an elasticity σ, the optimality condition for consumption sharing reads as follows:

ηmt (cft )
σ = (1− ηmt )(cmt )σ. (9)

Consumption functions are obtained by merging 9 with the budget constraint, 644:

cft =

[
1− (ηmt )

1
σ

(ηmt )
1
σ + (1− ηmt )

1
σ

] [
At(h

m
t )1−α(hft )

α(1− φnt − nt(eft + emt ))α
]

(10)

cmt =

[
(ηmt )

1
σ

(ηmt )
1
σ + (1− ηmt )

1
σ

] [
At(h

m
t )1−α(hft )

α(1− φnt − nt(eft + emt ))α
]

(11)

44Note that : wmt t
m
t h

m
t + wft t

f
t h

f
t =

= wmt h
m
t + wft h

f
t (1− φnt − φ(eft + emt )) =

= At(h
m
t )−α(tft h

f
t )α = At(h

m
t )−α(hft )α(1− φnt − φ(eft + emt ))α.
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Upon defining λt =
ηmt

(cmt )σ
as the Lagrange multiplier on the budget constraint, 6, the first

order conditions with respect to the two education levels read as follows:

ηmt
(cmt )σ

[
Yt

tft
αnt

]
+
β

2
ntη

m
t Et

∂V m(hmt+1,
−
hft+1)

∂emt

 = 0 (12)

ηmt
(cmt )σ

[
Yt

tft
αnt

]
+
β

2
nt(1− ηmt )Et

∂V f (hft+1,
−
hmt+1)

∂eft

 = 0 (13)

Using the envelope theorem, by which

[
∂V i(hit+1,

−
hjt+1)

∂eit

]
= λtw

i
t+1

∂hit+1

∂eit+1
, substituting for wmt+1

from 4 and noting that
∂hit+1

∂eit+1
= δ(Beit+1)

δ−1(hjt)
γ(hit)

1−γ , the above conditions can be expressed

as a function of the states. At last, the fertility choice is given by:

ηmt
(cmt )σ

[
At(h

m
t )1−α(hft )

αα(1− φnt − nt(eft + emt ))α−1(φ+ eft + emt )
]

(14)

=
β

2
Et
{
V h(hft+1, h

m
t+1)
}

where Et
{
V h(hft+1, h

m
t+1)
}

= Et

{
ηmt+1V

m(hmt+1,
−
hft+1) + (1− ηmt+1)V

f (hft+1,
−
hmt+1)

}
. The full

list of first order conditions is in appendix B.

4.2 An Analytically Tractable Version of the Model

The model above can be solved analytically under logarithmic utility and by assuming a

separable specification for the number of children45. All together this results in the following

recursive utility specification:

V i(hit,
−
hjt) = ln(cmt ) + κ ln(nt) +

1

2
βEt

[
ηmV m(hmt ,

−
hft ) + (1− ηm)V f (hft ,

−
hmt )

]
(15)

One implication of the model solution is the following.

Proposition 1. Investment in children’s education raises with the fraction of time that

mothers devote to child-rearing, captured by the cost φ. Higher education levels and higher

human capital of parents, both increase human capital for future generations through the

accumulation equation.

45Specifically, it is assumed that the utility reads as follows: ln(ci) + κ ln(nt).
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Proof. See Appendix C for the model solution in terms of the policy functions. The

latter, 39, and 40, imply that the cost φ increases education levels for both daughters and

sons for any level of the other parameters.

The model implications outlined in proposition 1 are well in line with the evidence in section

3, which links children’s educational attainments to parents’ education and the family’s

cultural background. In the model, this is so for two reasons. First, parents’ education

enters the human capital accumulation, which also embeds an assortative mating component.

Second, parents with higher human capital earn higher wage premia, hence also invest more

in education. The magnitude of this effect also depends upon the size of δ, which, by affecting

the returns to education, determines the incentives to invest in it. This can be clearly seen

from equations 39, and 40 showing that off-springs’ educatiion raises with δ. This second

channel is consistent with the link uncovered in the data between family wealth and/or

income and children’s educational attainments.

In the model with exogenous bargaining, the added value of mothers is channelled solely

through the extra time spent in child-rearing. In the next section I relax some of the

assumptions and solve the model numerically. This also allows me to give further insights in

the mothers’ added value.

4.3 Quantitative Results

Simulations of the extended model are used here to plot the policy function of children’s

human capital with respect to both parents’ human capital separately. The calibration is

chosen partly from past literature46 and partly to match facts on education ratios. One

period is taken to be 30 years. The parameters, B, and α, are set to 23.38 and 0.345,

respectively. Jointly these values determine, for given values of δ and γ, the gender wage

gap, which from Bureau of Labor Statistics data, is wft = 0.8wmt , and the ratio of education

expenditure to GDP, which in most countries is around 0.06. The parameter γ in the human

capital accumulation is set equally for both spouses to make sure that their innate abilities to

transmit human capital are the same. The parameter δ and the time cost parameter φ are set

46Mostly de La Croix and Doepke[28] or de La Croix and Donckt[27]
17
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Figure 1
Policy function of future generation human capital against parents’ human capital

separately. Case with exogenous bargaining power and baseline calibration

following de la Croix and Doepke [28]. The consumption elasticity of substitution, σ, is set

to 1
4
. Following Becker and Barro[7] and Barro and Becker[6], a parameter on consumption,

1− σ, larger than the parameter on the number of children, guarantees a positive number

of children in equilibrium. In the benchmark simulation I set ηmt = 0.5. The case with

symmetric bargaining power allows me at first to isolate the mothers’ added value through

child-rearing time. In the case with an endogenous bargaining weight, the parameter µ is

set equal to 2 as in de La Croix and Donckt[27]. At last, aggregate productivity, At, follows

an AR(1) process with persistence of 0.95. This is well in line with the RBC and growth

literature.

Figure 1 shows the policy function of future generations’ human capital plotted against the

two endogenous state variables, namely the human capital of both parents separately. The

figure clearly shows that future generations’ human capital raises with both parents human

capital. Furthermore, the contribution of the mother’s human capital to children’s education

is higher than that of the father. Given the symmetry in preferences and bargaining power,

the sole channel responsible for this is the relatively higher mothers’ child-rearing time. Next,

I examine the effects of the endogenous bargaining specifications. Figure 2 shows the results.

As before, human capital of future generations depends positively upon both parents’ levels
18
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Figure 2
Policy function of future generation human capital against parents’ human capital

separately. Case with endogenous bargaining power and baseline calibration

and mothers’ human capital counts more. In this case, mothers’ human capital induces a

slightly steeper gradient. The latter is induced by the increasing weight on female future

generations. As the value functions of different genders in future generations are weighted by

the genders’ bargaining weights, mothers internalize the effects of the educational choices on

female off-springs, who are themselves in charge of the child rearing. This gives raise to an

empowerment externality. This second effect is however quantitatively small in the model,

at least to the extent that no additional preference weight is given to different genders in

future generations and in presence of a gender wage gap. Indeed, incentives to invest in

daughters education are dampened by the lower labour market returns of women education.

It is possible that women empowerement transmits into children education through additional

channels, such as role models or other cultural transmissions. Those are not considered in

my model since they are not quantifiable through the variables available in the PISA survey.

At last, I examine the impact of the wage gap, by changing the α at all education levels.

An increase in wages steepens the trade-off between the cost of child-rearing and the wage

premium. Figure 3 shows the results. The substitution between child-rearing and working

time results in a reduction of children’s education attainments.
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Policy function of future generation human capital against parents’ human capital

separately. Case with exogenous bargaining power and wage gap

4.4 Non-Linear Effects of Human Capital

The regression presented in Table 4, shows that mothers’ added value peaks at intermediate

levels. Through the lens of the model this result can be rationalized as follows. Mothers are

aware that their human capital improves the quality of time devoted to children. At the same

time highly educated women forego a much larger wage premium. The two effects combined

might explain the decline in the amount of time spent in child-rearing. To appreciate the

non-linear effects of the wage premium, Figure 4 plots the usual policy function by assuming

a jump in mothers’ wage premium from 0.345 to 0.45 from a certain education threshold

onward. Mothers’ added value is still positive, however, it declines above the threshold, the

reason being that mothers in this quantile reduce their child-rearing time. If the latter is not

substituted by fathers, as assumed here, children’s educational attainments decline.

5 Conclusions

Using the PISA data for all 72 countries and all past waves, this paper finds that family

cultural and financial background counts more than school characteristics for children’s

educational attainments. A result that highlights the obstacles to reverse inter-generational
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Figure 4
Policy function of future generation human capital against parents’ human capital
separately. Case with exogenous bargaining power and wage gap rising at specific

education level

inequality. Mothers seem to have a separate added value, even when controlling for assortative

mating or educational homogamy. Empirical results can be rationalized through an OLG

model with warm glow preferences, collective bargaining in households’ decisions and human

capital accumulation. The model captures well the qualitative channels behind the empirical

facts.
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6 Appendix A. PISA Data, Sampling and Scaling

The PISA study has a 2-step sampling procedure to guarantee a random sample. First, schools

are chosen from a comprehensive national list with probabilities which are proportional to an

estimated number of 15-year-old students enrolled in the school. In the second stage, the

students within each schools are sampled, typically 42 students for computer-based tests or

35 students for paper-based tests. Survey weights, available at the PISA website, ensure

that each sampled student represents the appropriate number of students in the full PISA

population.

To guarantee cross-country comparability, the selection of questions in the PISA tests is

based on a variant of matrix sampling (using different sets of items and different assessment

modes), in which each student receives a sub-set of questions from a pool of items. Compara-

bility across tests is guaranteed by using item response theory (IRT) scaling. Specifically, it

is noted that some items require similar skills to be addressed. Results are then described in

terms of distributions of skill performances in the population.

Comparability can be improved further by using the multiple imputation procedure or

plausible values47. Plausible values are drawn from an a posteriori distribution by combining

the scaled test items (IRT) with a latent regression model using information from the

student context questionnaire48. The average estimator across plausible values is reported

and the imputation error is added to the variance estimator, which allows to retrieve the

unbiased estimations. Each of this paper’s regression is using score values with and without

imputations.

Family economic background is captured either by wealth or by income, the latter used for

robustness reasons. Income is available for a sub-set of countries listed in Table 1. The data

set for this case contains 42,691 students.

47See PISA Technical Report[48].
48Stata procedure REPEST is specifically designed to be used with the PISA data set.
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Table 1
List of countries included in the estimations when family economic background is

proxied by income.

3-character Freq. Percent Cum.

CHL 7,053 8.18 8.18

DEU 6,504 7.54 15.72

DOM 4,740 5.50 21.22

ESP 6,736 7.81 29.03

FRA 6,108 7.08 36.12

GBR 14,157 16.42 52.54

GEO 5,316 6.17 58.70

HKG 5,359 6.22 64.92

KOR 5,581 6.47 71.39

LUX 5,299 6.15 77.54

MAC 4,476 5.19 82.73

MEX 7,568 8.78 91.50

PRT 7,325 8.50 100.00

This table displays the summary statistics for the demographic variables and outcomes for the

waves 2003-2013. Observations are pooled across waves.
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Table 2
Mother’s Education correlated with Father’s Educations, Waves 2003-2013

Wealth Possessions

father’s education - group 1 0.00439∗ −0.0248∗∗∗

(0.00235) (0.00880)

father’s education - group 2 0.0256∗∗∗ −0.00359

(0.00239) (0.00987)

father’s education - group 3 0.0344∗∗∗ −0.0172∗

(0.00277) (0.00990)

father’s education - group 4 0.0831∗∗∗ 0.0392∗∗∗

(0.00235) (0.0106)

father’s education - group 5 0.421∗∗∗ 0.298∗∗∗

(0.00338) (0.0146)

father’s education - group 6 0.524∗∗∗ 0.431∗∗∗

(0.00298) (0.0121)

wealth, std 0.0536∗∗∗

(0.000811)

cultural posessions, std 0.0283∗∗∗

(0.00298)

home educ.resources, std −0.00947∗∗∗

(0.00349)

ict resources, std 0.00802∗∗

(0.00359)

home possessions, std. 0.0364∗∗∗

(0.00535)

Country Fixed Effects Yes Yes

Year Fixed Effects Yes No

No. of Obs. 433715 27793

R2 0.311 0.344

The outcome variable is equal to 1 if mother has university education, and zero otherwise. Controls

include wealth indicator, standardized as z-score (column 1) or cultural possessions indicators,

standardized as a z-score (column 2), time effects, country effects, gender, age and origin of the

student. Estimations are performed using OLS, standard errors are clustered at the school level.

Significance levels are ∗ p≤0.10, ∗∗ p≤0.05, ∗∗∗p≤0.01.
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Table 4
Marginal Effects of Mother’s and Father’s Education. Data from pooled surveys

2003-2013

Math Science Read

mother’s education - group 1 13.53∗∗∗ 14.41∗∗∗ 16.24∗∗∗

(4.407) (4.212) (5.119)

mother’s education - group 2 17.70∗∗∗ 18.28∗∗∗ 19.83∗∗∗

(4.033) (3.626) (4.433)

mother’s education - group 3 31.39∗∗∗ 33.09∗∗∗ 31.16∗∗∗

(3.738) (3.733) (4.402)

mother’s education - group 4 33.38∗∗∗ 35.69∗∗∗ 34.88∗∗∗

(3.660) (3.600) (4.280)

mother’s education - group 5 32.56∗∗∗ 37.39∗∗∗ 34.69∗∗∗

(3.916) (3.939) (4.384)

mother’s education - group 6 42.32∗∗∗ 46.80∗∗∗ 41.85∗∗∗

(3.920) (3.891) (4.336)

father’s education - group 1 13.66∗∗∗ 16.68∗∗∗ 17.54∗∗∗

(3.889) (3.877) (4.698)

father’s education - group 2 12.42∗∗∗ 12.90∗∗∗ 13.96∗∗∗

(3.636) (3.805) (3.883)

father’s education - group 3 25.98∗∗∗ 28.32∗∗∗ 29.96∗∗∗

(3.602) (3.563) (3.701)

father’s education - group 4 28.84∗∗∗ 29.34∗∗∗ 30.49∗∗∗

(3.387) (3.448) (3.604)

father’s education - group 5 26.86∗∗∗ 28.80∗∗∗ 30.54∗∗∗

(3.783) (3.658) (3.972)

father’s education - group 6 45.84∗∗∗ 47.45∗∗∗ 45.79∗∗∗

(3.802) (3.577) (3.680)

No. of Obs. 265929 265929 265929

The outcome variables are PISA scores in math (column 1), science (column 2) or reading (column

3). The table presents the marginal effects of mother’s education (upper panel) and father’s

education levels after estimating OLS regression specification with interactions. Estimations are

performed using multiple imputation and weighting according to PISA data structure, on the

pooled dataset PISA waves 2003-2013. Controls include wealth indicator standardized as z-score,

school characteristics such as teacher/student ration, proportion of certified teachers and teachers

with graduate degree, standardized indicators of inadequate teaching and administrative staff,

time effects, country effects, gender, age and origin of the student. Standard errors are clustered at

the school level. standard errors are clustered at the school level. Significance levels are ∗ p≤0.10,
∗∗ p≤0.05, ∗∗∗p≤0.01.
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Table 5
Results when controlling for Propensity Score Matching Technique. Data from the

pooled surveys 2003-2013

Math Science Read

mother’ educ: university 19.53∗∗∗ 19.90∗∗∗ 16.30∗∗∗

(4.841) (5.043) (4.869)

father’ educ: university 14.78∗∗∗ 16.47∗∗∗ 19.64∗∗∗

(4.914) (5.337) (4.530)

wealth, std 20.17∗∗∗ 18.00∗∗∗ 16.35∗∗∗

(2.430) (2.951) (2.567)

student’s gender: 1 - female, 0 - male −12.39∗∗ −1.670 34.85∗∗∗

(4.953) (5.307) (4.836)

age of student 11.60 21.41∗∗ 8.812

(7.833) (8.580) (7.821)

native 10.40∗ 14.66∗∗ 10.84∗

(6.309) (6.419) (6.054)

teacher/student ratio 1.247∗∗ 1.765∗∗∗ 1.778∗∗∗

(0.518) (0.477) (0.470)

proportion of certified teachers 13.47 10.45 7.686

(10.39) (9.653) (12.25)

proportion of teachers with grad degree 13.00 13.99 14.33

(9.250) (11.27) (8.947)

inadequate admin staff, std −10.42∗∗∗ −12.10∗∗∗ −8.774∗∗∗

(3.195) (2.934) (2.956)

inadequate teaching staff, std 0.618 0.315 3.216

(2.969) (2.925) (3.031)

Country Fixed Effects Yes Yes Yes

Year Fixed Effects Yes Yes Yes

No. of Obs. 155061 155061 155061

R2 0.299 0.264 0.302

The outcome variables are PISA scores in math (column 1), science (column 2) or reading (column

3). The table presents the OLS regression coefficients weighted by propensity scores (2-step

procedure). Estimations are performed on the pooled dataset PISA waves 2003-2013. Controls

include wealth indicator standardized as z-score, school characteristics such as teacher/student

ration, proportion of certified teachers and teachers with graduate degree, standardized indicators

of inadequate teaching and administrative staff, time effects, country effects, gender, age and origin

of the student. Standard errors are clustered at the school level. standard errors are clustered at

the school level. Significance levels are ∗ p≤0.10, ∗∗ p≤0.05, ∗∗∗p≤0.01.

33



Table 6
Academic Performance of Children given Education, Home and School Resources.

Data from the 2015 Survey
Math Science Read

mother’s education - group 1
5.440 2.338 5.235

(5.360) (4.327) (4.465)

mother’s education - group 2 4.638 3.803 7.011

(4.351) (4.283) (4.436)

mother’s education - group 3 15.75∗∗∗ 19.00∗∗∗ 23.53∗∗∗

(5.592) (5.271) (5.185)

mother’s education - group 4 13.65∗∗∗ 15.18∗∗∗ 17.18∗∗∗

(4.952) (4.387) (4.499)

mother’s education - group 5 15.88∗∗∗ 15.20∗∗∗ 17.40∗∗∗

(4.994) (4.431) (5.016)

mother’s education - group 6 13.63∗∗ 13.92∗∗∗ 16.03∗∗∗

(5.588) (5.164) (5.290)

father’s education - group 1 −6.033 −4.657 −7.069

(5.796) (4.749) (5.532)

father’s education - group 2 −0.310 2.523 3.200

(5.414) (4.096) (4.657)

father’s education - group 3 −3.731 4.630 2.924

(5.973) (4.938) (5.153)

father’s education - group 4 0.0593 6.325 5.787

(5.393) (4.682) (4.599)

father’s education - group 5 4.737 8.236∗ 4.985

(5.443) (4.816) (4.880)

father’s education - group 6 7.478 11.28∗∗ 8.521∗

(5.432) (4.624) (4.913)

student’s gender: 1 - female, 0 - male −8.337∗∗∗ −7.368∗∗∗ 20.73∗∗∗

(2.176) (2.018) (1.884)

Age 12.01∗∗∗ 13.30∗∗∗ 13.71∗∗∗

(3.387) (2.929) (3.748)

native 24.63∗∗∗ 34.03∗∗∗ 25.61∗∗∗

(5.587) (6.220) (6.968)

cultural posessions, std 8.562∗∗∗ 10.46∗∗∗ 8.740∗∗∗

(1.156) (1.069) (1.130)

home educ.resources, std 5.385∗∗∗ 6.286∗∗∗ 7.281∗∗∗

(1.157) (0.939) (1.137)

ict resourses, std 4.917∗∗ 4.354∗∗ 3.928

(2.148) (2.199) (2.460)

Standardized values of (homepos) −3.348 −5.763∗ −2.550

(2.652) (2.959) (3.191)

Standardized values of (parent communic gen) 1.946∗∗ 1.693∗∗ 3.221∗∗∗

(0.899) (0.765) (0.839)

Standardized values of (parent support scie) −3.399∗∗∗ −3.028∗∗∗ −5.065∗∗∗

(0.910) (0.841) (1.048)

parent choose sch educperf z 6.022∗∗∗ 6.200∗∗∗ 6.981∗∗∗

(0.997) (0.818) (0.928)

Standardized values of (parent choose sch econom) −5.884∗∗∗ −5.475∗∗∗ −5.876∗∗∗

(0.994) (0.946) (0.921)

Standardized values of (parent choose sch approach) −4.749∗∗∗ −5.674∗∗∗ −4.560∗∗∗

(1.081) (1.008) (1.120)

hh income, group 2 8.056∗∗∗ 9.278∗∗∗ 9.393∗∗∗

(2.639) (2.827) (2.837)

hh income, group 3 16.74∗∗∗ 15.53∗∗∗ 19.02∗∗∗

(3.122) (3.068) (3.288)

hh income, group 4 16.28∗∗∗ 15.29∗∗∗ 17.16∗∗∗

(3.958) (3.465) (3.337)

hh income, group 5 28.39∗∗∗ 25.41∗∗∗ 22.75∗∗∗

(4.380) (3.313) (4.689)

hh income, group 6 45.35∗∗∗ 40.05∗∗∗ 38.51∗∗∗

(3.572) (3.486) (3.726)

Standardized values of (school infrustr) 3.756 5.876 6.382

(5.449) (4.548) (5.289)

Student-Teacher ratio 0.401∗ 0.263 0.340

(0.242) (0.202) (0.207)

Total number of all teachers at school 0.205∗∗∗ 0.209∗∗∗ 0.225∗∗∗

(0.0400) (0.0367) (0.0376)

proportion of certified teachers 1.281 −1.501 −1.892

(4.683) (4.232) (4.848)

proportion of teachers with grad degree 102.9∗∗∗ 93.89∗∗∗ 94.14∗∗∗

(28.03) (27.18) (30.03)

Index proportion of all teachers ISCED LEVEL 5A Master 7.941 10.057 12.64∗

(6.524) (6.543) (6.749)

Index proportion of all teachers ISCED LEVEL 5A Bachelor −1.317 −2.439 −1.433

(5.469) (4.641) (5.234)

inadequate admin staff, std −0.893 −1.487 −0.456

(2.021) (1.919) (2.159)

inadequate teaching staff, std −7.218 −9.113∗∗ −10.26∗
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(5.566) (4.475) (5.472)

Class Size 0.587∗∗∗ 0.650∗∗∗ 0.766∗∗∗

(0.218) (0.201) (0.218)

Percent. total funding for school year comes from?
Government

−0.0896∗ −0.0977∗∗ −0.0522∗∗∗

(0.0476) (0.0413) (0.0435)

public school = 1, private school =0 −7.952∗ −11.43∗∗∗ −15.23∗∗∗

(4.466) (4.414) (4.464)

Constant 158.9∗∗∗ 152.7∗∗∗ 150.3∗∗

(53.01) (46.02) (59.33)

Country Fixed Effects Y es Y es Y es

No. of Obs. 21710 21710 21710

R2 0.400 0.381 0.367

The outcome variables are PISA scores in math (column 1), science (column 2) or reading (column
3). The table presents the OLS regression coefficients. Estimations are performed on the PISA
dataset wave 2015, using multiple imputation and weighting according to PISA data structure.
Controls include wealth indicator standardized as z-score, measures of parental support and
dimensions of school choice, home cultural possessions, ICT and educational resources at home,
school characteristics such as teacher/student ration, proportion of certified teachers and teachers
with graduate degree, standardized indicators of inadequate teaching and administrative staff,
class size and information about school funding, time effects, country effects, gender, age and origin
of the student. Standard errors are clustered at the school level. standard errors are clustered at
the school level. Significance levels are ∗ p≤0.10, ∗∗ p≤0.05, ∗∗∗p≤0.01..
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Table 7
Marginal Effects of Mother’s and Father’s Education. Data from the 2015 survey

Math Science Read

mother’s education - group 1 −2.751 −4.997 −4.236

(6.403) (7.496) (7.246)

mother’s education - group 2 4.197 −1.426 1.941

(5.474) (6.490) (6.273)

mother’s education - group 3 12.86∗∗ 13.60∗ 18.51∗∗∗

(6.532) (7.231) (7.040)

mother’s education - group 4 12.56∗∗ 12.69∗ 14.46∗∗

(5.533) (6.680) (6.440)

mother’s education - group 5 13.22∗∗ 11.10∗ 10.77∗

(5.723) (6.684) (6.491)

mother’s education - group 6 12.50∗∗ 9.314 12.13∗

(5.544) (6.883) (6.671)

father’s education - group 1 2.154 −2.253 −4.680

(6.972) (6.649) (7.950)

father’s education - group 2 9.204∗ 8.684 10.54

(4.902) (5.439) (6.518)

father’s education - group 3 2.816 8.468 8.793

(5.693) (6.466) (7.383)

father’s education - group 4 13.55∗∗∗ 14.94∗∗∗ 15.68∗∗

(5.134) (5.685) (6.595)

father’s education - group 5 13.16∗∗ 15.42∗∗∗ 14.05∗∗

(5.229) (5.889) (6.872)

father’s education - group 6 18.32∗∗∗ 14.95∗∗ 13.12∗

(5.269) (5.929) (7.009)

No. of Obs. 21710 21710 21710

The outcome variables are PISA scores in math (column 1), science (column 2) or
reading (column 3). The table presents the marginal effects of mother’s education
(upper panel) and father’s education levels after estimating OLS regression specifi-
cation with interactions. Estimations are performed using multiple imputation and
weighting according to PISA data structure, PISA dataset wave 2015. Controls
include wealth indicator standardized as z-score, measures of parental support and
dimensions of school choice, home cultural possessions, ICT and educational re-
sources at home, school characteristics such as teacher/student ration, proportion
of certified teachers and teachers with graduate degree, standardized indicators
of inadequate teaching and administrative staff, class size and information about
school funding, time effects, country effects, gender, age and origin of the student.
Standard errors are clustered at the school level. standard errors are clustered at
the school level. Significance levels are ∗ p≤0.10, ∗∗ p≤0.05, ∗∗∗p≤0.01.
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Table 8
Matching Technique, Wave 2015

Math Science Read

mother’ educ: university 10.16∗∗∗ 8.854∗∗∗ 9.721∗∗∗

(1.255) (1.248) (1.253)

father’ educ: university 5.666∗∗∗ 4.729∗∗∗ 0.845

(1.426) (1.430) (1.476)

cultural posessions, std. 5.996∗∗∗ 8.362∗∗∗ 10.13∗∗∗

(0.848) (0.834) (0.839)

home educ.resources, std. −1.556∗ 0.0271 1.870∗∗

(0.889) (0.889) (0.899)

ict resourses, std. −5.879∗∗∗ −7.280∗∗∗ −7.366∗∗∗

(1.529) (1.515) (1.522)

home possessions, std. 19.30∗∗∗ 13.65∗∗∗ 10.19∗∗∗

(2.165) (2.121) (2.111)

parent communication, std. 4.581∗∗∗ 4.286∗∗∗ 2.988∗∗∗

(0.745) (0.722) (0.725)

parent support science , std. −5.178∗∗∗ −2.363∗∗∗ −3.769∗∗∗

(0.704) (0.692) (0.696)

parent choose sch educperform, std. 4.401∗∗∗ 4.394∗∗∗ 5.247∗∗∗

(0.666) (0.660) (0.680)

parent choose sch econom, std. −8.844∗∗∗ −8.529∗∗∗ −8.011∗∗∗

(0.683) (0.684) (0.672)

parent choose sch approach, std. −4.844∗∗∗ −6.175∗∗∗ −5.339∗∗∗

(0.635) (0.631) (0.642)

household income, group 2 6.167∗∗∗ 7.572∗∗∗ 4.670∗

(2.307) (2.308) (2.387)

household income, group 3 22.33∗∗∗ 19.06∗∗∗ 26.45∗∗∗

(2.460) (2.416) (2.536)

household income, group 4 21.93∗∗∗ 19.45∗∗∗ 22.70∗∗∗

(2.629) (2.604) (2.676)

household income, group 5 34.51∗∗∗ 30.98∗∗∗ 31.07∗∗∗

(2.739) (2.720) (2.755)

household income, group 6 46.37∗∗∗ 43.04∗∗∗ 45.91∗∗∗

(2.464) (2.461) (2.506)

student’s gender: 1 - female, 0 - male −13.74∗∗∗ −11.85∗∗∗ 17.88∗∗∗

(1.188) (1.183) (1.194)

Age 8.396∗∗∗ 9.827∗∗∗ 11.39∗∗∗

(2.058) (2.052) (2.061)

native 14.26∗∗∗ 17.91∗∗∗ 13.26∗∗∗

(3.116) (3.028) (3.221)

school infrastructure, std. 5.595∗∗ 8.184∗∗∗ 6.620∗∗∗

(2.241) (2.143) (2.176)

Student-Teacher ratio 0.470∗∗∗ 0.283∗∗∗ 0.519∗∗∗

(0.0928) (0.0909) (0.0989)

Total number of all teachers at school 0.121∗∗∗ 0.118∗∗∗ 0.131∗∗∗

(0.0147) (0.0151) (0.0155)

proportion of certified teachers 2.777 1.719 −4.970∗∗

(1.959) (1.973) (2.121)

proportion of teachers with grad degree 57.13∗∗∗ 41.73∗∗∗ 20.61

(12.32) (13.14) (13.35)

proportion of all teachers Master −1.102 −1.536 4.250

(2.869) (2.934) (2.904)

proportion of all teachers Bachelor −10.78∗∗∗ −7.496∗∗∗ −2.468

(2.087) (2.083) (2.209)

inadequate admin staff, std. −1.886∗∗ −1.616∗ −0.238

(0.864) (0.876) (0.850)

inadequate teaching staff, std. −8.966∗∗∗ −10.41∗∗∗ −8.940∗∗∗

(2.411) (2.275) (2.317)

Class size 0.389∗∗∗ 0.468∗∗∗ 0.532∗∗∗

(0.0885) (0.0887) (0.0937)

Percent government funding −0.150∗∗∗ −0.150∗∗∗ −0.151∗∗∗

(0.0218) (0.0217) (0.0216)

public school = 1, private school =0 −3.206∗ −7.281∗∗∗ −8.092∗∗∗

(1.767) (1.766) (1.787)

Country Fixed Effects Yes Yes Yes

No. of Obs. 18244 18244 18244

R2 0.321 0.281 0.267
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The outcome variables are PISA scores in math (column 1), science (column 2) or reading (column

3). The table presents the OLS regression coefficients weighted by propensity scores (2-step

procedure), PISA dataset wave 2015. Controls include wealth indicator standardized as z-score,

measures of parental support and dimensions of school choice, home cultural possessions, ICT and

educational resources at home, school characteristics such as teacher/student ration, proportion

of certified teachers and teachers with graduate degree, standardized indicators of inadequate

teaching and administrative staff, class size and information about school funding, time effects,

country effects, gender, age and origin of the student. Standard errors are clustered at the school

level. standard errors are clustered at the school level. Significance levels are ∗ p≤0.10, ∗∗ p≤0.05,
∗∗∗p≤0.01.
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7 Appendix B. Full List of Model Equations

The models features one exogenous state, namely the productivity shock At, and two

predetermined states, namely human capital of both parents, hmt and hft . Let us assume that

tmt and tft = (1− φnt − φ(eft + emt )).

7.1 Model with Exogenous Bargaining

Budget and technology constraints:

cmt + cft ≤ wmt t
m
t h

m
t + wft h

f
t (1− φnt − φ(eft + emt )) (16)

hft+1 = (Beft )
δ(hft )

γ(hmt )1−γ (17)

hmt+1 = (Bemt )δ(hft )
γ(hmt )1−γ (18)

Competitive prices:

wft = αAt(t
m
t h

m
t )1−α(tft h

f
t )
α−1;wmt = (1− α)At(t

m
t h

m
t )−α(tft h

f
t )
α (19)

Value functions:

V h(hft , h
m
t ) = ηmt V

m(hft , h
m
t ) + (1− ηmt )V m(hft , h

m
t ) (20)

V m
t =

(cmt )1−σ

1− σ
+ βb(nt)nt

(1− ηmt+1)V
f
t+1 + ηmt+1V

m
t+1

2
(21)

V f
t =

(cft )
1−σ

1− σ
+ βb(nt)nt

(1− ηmt+1)V
f
t+1 + ηmt+1V

m
t+1

2
(22)

Above one can assume b(nt) = 1 or b(nt) = n1−ε
t . Consumption functions:

cft =

[
1− (ηmt )

1
σ

(ηmt )
1
σ + (1− ηmt )

1
σ

] [
At(h

m
t )1−α(hft )

α(1− φnt − nt(eft + emt ))α
]

(23)
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cmt =

[
(ηmt )

1
σ

(ηmt )
1
σ + (1− ηmt )

1
σ

] [
At(h

m
t )1−α(hft )

α(1− φnt − nt(eft + emt ))α
]

(24)

Fertility choice:

ηmt
(cmt )σ

[
At(h

m
t )1−α(hft )

α(1− φnt − nt(eft + emt ))α−1α(φ+ eft + emt )
]

(25)

=
β

2
Et
{
V h(hft+1, h

m
t+1)
}

Education choices:

0 =
ηmt

(cmt )σ

[
−At(hmt )−α(hft )

α(1− φnt − nt(eft + emt ))α−1αnt

]
+ (26)

+
1

2
βEt

{[
(1− α)At+1(h

m
t+1)

−α(tft+1h
f
t+1)

α
] [
δB(Bemt+1)

δ−1(hft )
γ(hmt )1−γ

]}

0 =
ηmt

(cmt )σ

[
−At(hmt )−α(hft )

α(1− φnt − nt(eft + emt ))α−1αnt

]
+ (27)

+
1

2
βEt

{[
αAt(h

m
t+1)

1−α(tft+1h
f
t+1)

α−1tft+1

] [
δB(Beft+1)

δ−1(hft )
γ(hmt )1−γ

]}
7.2 Model with Endogenous Bargaining

The functional form for endogenous bargaining is in equation 8 in the main text. The set of

equations is the same as above, except for the first order conditions on the education levels,

which now read as follows:

0 =
ηmt

(cmt )σ

[
−At(hmt )−α(hft )

α(1− φnt − nt(eft + emt ))α−1αnt

]
+ (28)

+
1

2
β

{
∂ηmt+1(h

m
t+1, h

f
t+1)

∂hmt+1

+
[
(1− α)At+1(h

m
t+1)

−α(tft+1h
f
t+1)

α
]}[

δB(Bemt+1)
δ−1(hft )

γ(hmt )1−γ
]

0 =
ηmt

(cmt )σ

[
−At(hmt )−α(hft )

α(1− φnt − nt(eft + emt ))α−1αnt

]
+ (29)

+
1

2
β

[
−
∂ηmt+1(h

m
t+1, h

f
t+1)

∂hft+1

+
[
αAt(h

m
t+1)

1−α(tft+1h
f
t+1)

α−1tft+1

]] [
δB(Beft+1)

δ−1(hft )
γ(hmt )1−γ

]
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8 Appendix C. Proof Proposition 1

We shall solve the model under the utility specification in 15. We can re-write the budget

constraint by substituting wages with their marginal productivity. This delivers:

cmt + cft ≤ (1− α)At(h
m
t )−α(tft h

f
t )
α + αAt(h

m
t )1−α(tft h

f
t )
α−1hft t

f
t (30)

Summing up and substituting tft = (1− φnt − nt(eft + emt )), the above delivers:

cmt + cft ≤ At(h
m
t )−α(hft )

α(1− φnt − nt(eft + emt ))α (31)

Next, we shall write down the Lagrangian problem, which reads as follows:

L = η ln(cmt ) + (1− η) ln(cft ) + κ ln((nt) +
1

2
βEt

[
ηmV m(hmt ,

−
hft ) + (1− ηm)V f (hft ,

−
hmt )

]
+

(32)

+ λt

[
cmt + cft − At(hmt )−α(hft )

α(1− φnt − nt(eft + emt ))α−1
]

The first order conditions on male and female consumption deliver the following marginal

condition:

ηm

1− ηm
=
cmt

cft
(33)

The latter merged with the budget constraint, 31, delivers the following consumption

functions for males and females:

cft = ηm
[
At(h

m
t )1−α(hft )

α(1− φnt − nt(eft + emt ))α
]

(34)

cmt = (1− ηm)
[
At(h

m
t )1−α(hft )

α(1− φnt − nt(eft + emt ))α
]

(35)

When males and females hold the same bargaining power consumption would be equalized.

Since education and fertility choices affect the value function of future generations, their

closed form solution can be obtained by a guess and verify procedure. Following Doepke and

Tertilt[24], we can assume the following functional forms for the value functions:

V m(hmt , h
f
t ,

−
hmt ,

−
hft ) = a1 + a2 ln(hmt ) + a3 ln(hft ) + a4 ln(

−
hmt ) + a5 ln(

−
hft ) (36)
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V f (hmt , h
f
t ,

−
hmt ,

−
hft ) = b1 + b2 ln(hmt ) + b3 ln(hft ) + b4 ln(

−
hmt ) + b5 ln(

−
hft ) (37)

Taking first order conditions of the Lagrangean with respect to education levels and the

functional form for the value function we obtain the following margin condition:

emt = eft
a2
b3

ηm

1− ηm
(38)

Taking the first order conditions of the Lagrangean with respect to fertility and education

and using again the functional forms for the value function delivers the following education

levels:

eft =
β
2
δ(1− ηm)b3φ

κ− β
2
δ(a2ηm + b3(1− ηm))

(39)

emt =
β
2
δηma2φ

κ− β
2
δ(a2ηm + b3(1− ηm))

(40)

Merging the first order condition with respect to fertility with the equilibrium education

levels delivers:

δ

nt
=
ηm

cmt

[
At(h

m
t )1−α(hft )

αα(1− φnt − nt(eft + emt ))α−1(φ+ eft + emt )
]

(41)

Rearranging the equation above delivers the following level of fertility:

nt =
κ− β

2
δ(a2η

m + b3(1− ηm))

φ(κ+ α)
(42)

Using the optimal education levels and fertility rates, one obtains the optimal time allocation

for women:

tft =
α

κ+ α
(43)

Plugging this into consumption delivers the following expressions:

cmt = ηm
[
At(h

m
t )−α(hft )

α(
α

κ+ α
)α
]

(44)

cft = (1− ηm)

[
At(h

m
t )−α(hft )

α(
α

κ+ α
)α
]

(45)
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We shall now solve for the explicit expressions by deriving the closed form solution in

the parameter of the value functions. This can be done by the method of undetermined

coefficients. Specifically, I substitute in the value functions for men and women the solutions

for male and female consumption and education levels derived above and the fertility level

from equation 42. Next, I isolate the coefficients which relate to the variables hmt , h
f
t ,

−
hmt and

−
hft in the value function for male and I set them equal to a2, a3, a4 and a5, respectively. I

do the same for the female value functions. Furthermore, in each optimal value function I

derive an expression for the constant coefficients and I set them equal to a1 and b1 for male

and female, respectively. Next, solving the system of non-linear equations that emerges from

the equalization, I get the following closed form solution for the coefficients (note that for

reasons of generality here I am using different weights for male and female assigned to future

generations, betaf and betaf ):

a2 =
2(1− α) + (1− α)γβf (1− ηm) + α(1− γ)βm(1− ηm)

(2− (1− γ)βmηm − γβfηm)
(46)

b2 =

[
(1− α) +

(1− γ)βf (1− ηm)

(2− (1− γ)βmηm − γβfηm)

]
(47)

a3 =

[
α +

γβm(1− ηm)

(2− (1− γ)βmηm − γβfηm)

]
(48)

b3 =
2α + (1− α)γβf (1− ηm)− α(1− γ)βmηm

(2− (1− γ)βmηm − γβfηm)
(49)

a4 =
1− γ
γ

a5 (50)

b4 =
βf

βm
a4 (51)

a5 =

[
γ β

m

2

1− ηmβm

2
− (1− ηm)β

m

2

] [
(ηmα + (1− ηm)(1− α) +

ηmγβm(1− ηm) + (1− γ)βf (1− ηm)2

(2− (1− γ)βmηm − γβf (1− ηm))

]
(52)
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b5 =
γ

1− γ
b4 (53)

a1 =

[
2− βfηm

2− (ηmβf + (1− ηm)βf )

]
(M1 +M2) +

[
βm(1− ηm)

2− (ηmβf + (1− ηm)βf )

]
(F1 + F2) (54)

b1 =

[
2− βm(1− ηm)

2− (ηmβf + (1− ηm)βf )

]
(F1 + F2) +

[
βfηm

2− (ηmβf + (1− ηm)βf )

]
(M1 +M2) (55)

where:

M1 = F1 = ln(ηmA(
α

κ+ α
)α) + κ ln

[
κ− β

2
(a2η

m + b3(1− ηm))

φ(κ+ α)

]
(56)

M2 =
βm

2
δ ln(a2η

m) [ηm(a2 + a4) + (1− ηm)(b2 + b4)] + (57)

+
βm

2
δ ln(b3(1− ηm)) [ηm(a3 + a5) + (1− ηm)(b3 + b5)] +

+
βm

2
δ ln

[
Bφβ

2
δ

κ− β
2
(a2ηm + b3(1− ηm))

]
[ηm(a2 + a3 + a4 + a5) + (1− ηm)(b2 + b3 + b4 + b5)]

F2 =
βf

2
δ ln(a2η

m) [ηm(a2 + a4) + (1− ηm)(b2 + b4)] + (58)

+
βf

2
δ ln(b3(1− ηm)) [ηm(a3 + a5) + (1− ηm)(b3 + b5)] +

+
βf

2
δ ln

[
Bφβ

2
δ

κ− β
2
(a2ηm + b3(1− ηm))

]
[ηm(a2 + a3 + a4 + a5) + (1− ηm)(b2 + b3 + b4 + b5)]

Given the model solution, we can examine the behavior of the education levels, which are

given by equations 39 and 40, once we substitute for the coefficients’ solution. Given that

the coefficients a2 and b3 are positive, the derivative of the optimal education levels, 39 and

40, with respect to φ, which proxies the extent of mothers’ child-rearing time, are positive.

This proves the first part of proposition 1. As for the second, substituting the equilibrium

education levels, 39 and 40, into the human capital accumulation equation, 7, immediately

shows the dependence of the future generations human capital on the parents’ one.
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