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ABSTRACT

The Intergenerational Transmission of
Math Culture

In this study, we provide evidence that parents’ beliefs about the value of math, in terms
of successful employment, have a positive impact on children’s math scores. This result is
robust to the reverse causality issue that characterizes the relationship between parental
attitude and children’s performance. We adopt an identification strategy that relies on two
pillars. First, using PISA 2012, we estimate this relationship on a sample of immigrants
that includes second-generation students and first-generation students who migrated
before starting primary education. Second, we instrument the parental attitude with
the country of origin math performance, under the assumption that country of origin
math performance affects children’s performance only through parents. We find that
one additional score point in the origin country performance in math increases student
performance by 21 percent of one standard deviation of the student math score. For an
indirect transmission mechanism through parents math culture, this can be considered a
quite substantial effect. Disentangling the effect of one of the factors that shape the family
background, we contribute to the empirical literature on the explanations of individual
educational achievements.
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INTRODUCTION

Over the past decade, the empirical economic literature has made considerable progress in
isolating the factors explaining individual educational achievement, thanks to the adoption of
increasingly robust identification strategies and richer data sets. These explanatory factors in-
clude the institutional characteristics of the educational system and the students’ family back-
ground.

The funding of schools, the tracking system and the role played by teachers are among the most
deeply investigated institutional features. For example, the effects on student achievements of
the private or public funding of schools - or, rather, the consequences of the competition be-
tween the two systems - have been thoroughly investigated (Urquiola, 2016). Educational sys-
tems that adopt early tracking have been compared with those using the comprehensive system
(Hanushek and Woessmann, 2006), and the interaction of the two approaches with the family
background has been analyzed (Brunello and Checchi, 2007). Moreover, scholars have applied
considerable scrutiny to the effect on student outcomes of the student-teacher ratio, together
with the processes of teacher recruitment, evaluation, and experience (Rivkin, Hanushek, and

Kain (2005); Rockoff (2004); Harris and Sass (2011); Jackson, Rockoff, and Staiger (2014)).

Regarding family background, some studies compare its importance to that of the organiza-
tion of the school system (see, among others, Hanushek and Woessmann (2011), while some
others compare the impact of different institutional arrangements on the intergenerational trans-
mission of educational outcomes (e.g., Black, Devereux, and Salvanes (2005); Schiitz, Ur-
sprung, and WoBmann (2008); Hertz et al. (2007)). A family’s socioeconomic background
encompasses several aspects. Parental education and economic resources are the first factors
to be taken into consideration. The higher the parents’ level of education is, the more time
they spend with their children in activities related to education, the greater their involvement
in school activities, and the lower the psychological costs of children in coping with educa-

tional effort (Ho, 2010). Wealthier families are able to guarantee their children access to better
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quality schools, and - throughout the educational career - their children are better able to bor-
row money or forgo income (Rothstein and Wozny (2013); Rouse and Barrow (2006)). The
family background category includes, together with education and income, several intangible
factors, such as inherited traits and cultural values, that have recently attracted the attention of
researchers (Bisin and Verdier, 2001). Intelligence and personality - so-called hard and soft
skills - are inherited traits that are both relevant for educational outcomes (e.g., Krapohl et al.
(2014), Rustichini, Iacono, and McGue (2017)). Moreover, parents transmit different beliefs
and values to their children, including the ability to delay gratification and to exert self-control,
that have been shown to differ across cultures and to explain school outcomes (Figlio et al.,
2016). The most recent analysis of the gender gap in math relies on the possible role played
by intangible factors. The lower performance of girls has been linked to a lack of confidence,
which has been measured by means of questions evaluating the self-efficacy, self-concept and
anxiety of students in approaching the subject (OECD (2015); Saarela and Karkkainen (2014)).
The idea behind this line of investigation is that self-beliefs have an impact on learning and per-
formance at several levels: cognitive, motivational, affective and decision-making. Specifically,
the most recent rounds of surveys on educational achievement, both national and international,
contain questions related to students’ self-confidence in different subjects of the curriculum
and to subjective norms, meaning students’ perseverance and aspirations. Only recently have a
few surveys introduced questions regarding the beliefs and attitudes of parents toward school
subjects. The availability of these new pieces of information has stimulated research on the
role of these intangible factors in explaining the differences in students’ outcomes. For exam-
ple, (Jerrim, 2015) shows that the superior performance of children of East Asian descent in
Australia, relative to children of Australian heritage, is in part associated with subjective norms
and aspirations that seem to help the former to exert greater effort and achieve better outcomes.
(Hsin and Xie, 2014) find that the Asian-American educational advantage, a well-documented
phenomenon in the US, is primarily attributable to Asian students exerting greater academic ef-

fort and not to advantages in tested cognitive abilities or socio-demographics. Moreover, they
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show that the greater academic effort exerted by Asian-American students is ascribable to the
parental attitude toward their children’s academic efforts. While some studies examine school
program in broad terms, other studies focus on the role played by parental attitudes toward a
specific subject. In particular, there is growing evidence that the parental attitude toward sci-
ence, in terms of how much parents value the subject and of the importance they place on it,
is relevant for the scientific literacy of their children (Sun, Bradley, and Akers (2012); Perera
(2014)); Ho (2010); Ratelle et al. (2005)). In this literature, attention has primarily been de-
voted to the attitude toward science because of the worldwide emphasis on its importance for
technological development and global economic competition (Tucker-Drob, Cheung, and Bri-
ley, 2014). In the context of math, to the best of our knowledge, the role of parental attitudes
has been investigated only by (Wang, 2004), who includes - among other “home environment
factors”- parents’ aspirations for their children’s math performance in explaining the score gap

between Chinese and US students.

From a methodological perspective, however, the latter contributions may suffer from a
reverse causality problem because the attitudes of parents can be influenced by the school
achievements of their children. In other words, parents could claim that science, or math, is
important for the future of their children merely because their children have high grades in
these subjects. Similarly, parents may declare that they expect their children to continue study-
ing math or science, and will work in related fields, simply because their children enjoy these

subjects.

In this paper, we study the relationship between parental attitudes toward math and chil-
dren’s performance while accounting for this reverse causality problem. In particular, we adopt
an original identification strategy based on two pillars. First, we estimate this relationship on a
sample of immigrant students drawn from the Programme for International Student Assessment

(PISA) 2012; second, we instrument parental attitude with the math performance of the parents’
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country of origin, approximated by the PISA country average math score. Our working hypoth-
esis is that parents with an immigrant background will value math according to the culture of
their country of origin. Parents coming from countries with high performance in math would
assert that this subject is important for the future of their children, e.g., in terms of placement
in the job market and for securing a good job, while the same view would not be shared by
parents belonging to countries with low performance in math. We focus on second-generation
students and on first-generation students who migrated before starting primary education, as
performance in math for the parents’ countries of origin should not directly affect these stu-
dents’ performance. In fact, these children are born in the country of the test and/or have never
attended the schools in the country of ancestry.

Our identification strategy is in line with the epidemiological approach (Fernandez, 2012) that
studies the variation in outcomes across different immigrant groups residing in a given country.
Immigrants presumably differ in their cultures but share a common institutional environment
that - in our study - is the school. This circumstance allows one to separate the effect of culture
from the institutional environment. This approach has been used to study a variety of issues,
including female labor force participation, fertility, labor market regulation, redistribution,
growth, and financial development. Similar to our investigation, (Nollenberger, Rodriguez-
Planas, and Sevilla, 2016) explore the role of cultural attitudes toward women in determining
educational gender gaps in math using this approach. To ascertain if culture matters, they test
whether the math gender gap for each immigrant group living in a particular host country (and
exposed to the same host country laws and institutions) is explained by measures of gender
equality in the parents’ country of ancestry. Their results show that the higher the degree of
gender equality in the country of ancestry is, the higher the performance of second-generation
immigrant girls relative to boys. In contrast to their study, where the degree of gender equality
in the parents’ country of origin is assumed to directly affect the gender gap in math, we use the
math performance in the parents’ country of origin to investigate the transmission mechanism

of math culture from parents to children.
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Our estimates show that parents’ beliefs about the value of studying math are an explanatory
factor of their children’s scores. Parents’ beliefs, in turn, are influenced by the average math
performance in the country of origin. Thus, our result is robust to the endogeneity between
parental attitudes and children’s outcomes. Our finding holds after controlling for the school
characteristics in the country of destination. This result also holds when we estimate our model
to explain the score gap between immigrant and native students. A limitation of our analysis is
that children’s school outcomes are certainly affected by other unobserved elements, typical of
each ethnic group, such as inherited traits, beliefs and values, that go beyond math culture, and

that parents also transmit.

EMPIRICAL STRATEGY

We estimate a two-stage least squares (2SLS) model in which the dependent variable is the
student’s score in math and the main explanatory variable is the parental attitude toward math.
As noted above, to address the potential reverse causality problem due to the fact that parents’
attitudes may be affected by their children’s observed math performance, we instrument the
parental attitude. Moreover, we restrict the analysis to a sample of immigrant students who
were born either in the country of the test (namely, second-generation students) or in the coun-
try of origin but migrated before being exposed to math teaching in the country of ancestry
(namely, before primary school age).

The dependent variable, Y;,.q4, is the score in math of immigrant student ¢ from origin country
o who is attending school s in destination country d. The equation (second stage) we estimate

is the following:

(1) }/isod =a+ BMathPaAttw + 7Xz + 5Szd + €isod



The first stage of the model is the following:

2) MathPaAtt;,, = a + bMath;, + cX; + dS;q + Uisod

where MathPaAtt;, is our index of the attitude toward math of the parents of student ¢,
Math,, is calculated as the national average math score of the origin country and represents
the instrumental variable, X; are student and family characteristics, S;4 are characteristics of
the school attended by the student in destination country d, and €;,,4 is @ normally distributed
random error. The model is estimated by clustering the standard errors by country of destina-
tion to account for heteroskedasticity.
Student proficiency in the second stage, Y;..q4, 1S not observed, i.e., it represents missing data
that must be inferred from the observed item responses (Mislevy (1991) and Mislevy et al.
(1992)). There are several possible alternative approaches for making this inference, and
PISA uses the imputation methodology usually referred to as Plausible Values - PVs - (OECD,
2012).!
PISA provides five PVs and, to account for the variability induced by PVs, estimation is per-
formed separately for each of the five PVs. We proceed in two steps. First, we estimate the
2SLS model for each PV and save the coefficients and standard errors. * Second, these saved
results are combined using Multiple Imputation formulae (see Rubin (2004). According to

this technique, consistent estimates of the coefficients are obtained by simply averaging the

'PVs were developed from Rubin’s work on multiple imputations (see Rubin (2004)) to obtain consistent estimates
of population characteristics in assessments in which individuals are administered too few items to allow for
precise estimates of their ability. PVs are estimates of student ability. Specifically, in PISA, there are five plausible
values for each subject (reading, math and science). PVs are imputed values that resemble individual test scores.
They are estimated to have approximately the same distribution as the latent trait being measured.

>We corrected the standard errors using the formulae in Baltagi (2011).
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five 2SLS estimates of each coefficient and correcting standard errors by applying the Rubin
formulae. *

Thus, for each explanatory variable, the final estimated coefficient is obtained with the fol-

lowing average:

where ( is the average of the m = 5 estimated coefficients, va, derived from the 2SLS
models of the 5 PVs puv of Y;,,q. Then, the final standard error of each coefficient is obtained

with the following formulae:

_ 1 - N2
@) B—m_l[pvz_lQm Ql
5 o=t ; U
5) _m[mzl ]
_ 1
(6) T=U+(14+—)B.
m

where B is the variance between the imputations, Upv is the variance of the coefficient in
each pv imputation, U is the average variance within the imputations, and 7T is the total vari-
ance (between plus within imputations). The final standard error is then obtained by taking the

square root of the total variance 7'.

Swe implement this procedure because the MI procedure in STATA is not applicable to 2SLS.
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In the first stage, we derive the subjective variable for parental attitude (MathPaAtt;, )
using the information uniquely provided in the 2012 PISA survey. In particular, we exploit a
question - described in the next section - intended to ascertain how parents value math with
respect to success in the labor market. The answer is articulated in four graded categorical
measurements of parental attitude toward math according to which respondents indicate their
level of agreement with each statement. We combine them to approximate the single latent
factor MathPaAtt,,. To predict this latent factor, we use Item Response Theory (IRT) and

implement a graded response model that uses ordered logistic regression (Samejima, 1969). *

DATA AND DESCRIPTIVE STATISTICS

We use survey data drawn from the Programme for International Student Assessment (PISA)
2012, which measures the cognitive achievement of 15 year olds. The 2012 round specifically
targets mathematical skills, with several sections dedicated to this topic. Regarding sample
selection, as we conduct our analysis at the micro level of first- and second-generation immi-
grant students, we only select schools where immigrant students are present. Moreover, to test
our research hypothesis, we need the following information: 1) the parental attitude toward
math for each immigrant student (M athPaAtt;, ); 2) the country of origin of the parents of
each immigrant student, and 3) the PISA average math score of the country of origin (M ath;,).
PISA only records the country of origin of immigrants for a subset of the assessed countries,
while for the remaining countries, the country of origin of immigrants is generically indicated
as another country with respect to the country where the assessment is conducted. Thus, first
we have to restrict our sample to the subset of assessed countries where the information on
the immigrant students countries of origin is available. Second, not every country of origin is
assessed by PISA, and hence, we have to further restrict our sample to immigrants from coun-

tries assessed by PISA to be able to attribute a M ath;, to each immigrant student. Third, PISA

“We use the STATA command GSEM with the OLOGIT option. Traditionally, IRT models are used in educational
testing, where responses to test items can be viewed as indirect measures of latent ability. Item response models
also apply equally for measurement of other latent traits, such as the parental attitude in our case (Zheng and
Rabe-Hesketh, 2007).
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collects information on how parents value math with a question with a few statements in the
parents’ questionnaire.” Thus, we have to further restrict our sample to students for whom data
from the parental questionnaire are available. After this selection, our sample comprises 1,092

students who are assessed in 8 destination countries ¢ and come from 18 origin countries. ’

The variable Parental attitude toward math is estimated with the IRT model using the follow-
ing question from the parental questionnaire®: ”We are interested in what you think about the
need for mathematics skills in the job market today. How much do you agree with the following

statements’:

e It is important to have good mathematics knowledge and skills in order to get any
good job in today’s world”;

e “Employers generally appreciate strong mathematics knowledge and skills among their
employees’;

e “Most jobs today require some mathematics knowledge and skills™;

e "It is an advantage in the job market to have good mathematics knowledge and skills”.

Parents can answer by choosing among the following four alternatives: “strongly agree”,
“agree”, ” disagree” and “strongly disagree”. In the IV estimation, this is the variable that
we instrumented with the average math score of the parental origin country imputed to each
immigrant student.

For student immigration status, our definition of first- and second-generation is different from

that adopted by OECD, which defines a student as an immigrant if both parents are present and

SThis questionnaire should be completed by a parent (or jointly by both parents) of the student, but the information
regarding who has effectively answered is not provided. Note that the PISA students’ questionnaire also asks
children how much they think their parents’ value math. We prefer to use the answers to questions asked directly
to parents to reduce misreporting, which has been shown to be present when children report parental education
levels ((Kreuter et al., 2010)).

6Belgium, Germany, Hong Kong, Croatia, Korea, Macau-China, Mexico, Portugal.

7Brazil, Turkey, the Czech Republic, Greece, Croatia, the USA, Italy, Portugal, France, Ireland, Vietnam, Ger-
many, Canada, the Netherlands, Japan, Macau-China, China-Taipei, Hong Kong China.

8This question is placed in Section G of the parents’ questionnaire: Mathematics in child’s career and job market,
question PA14.
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were born abroad. As illustrated in the Appendix, we distinguish among eighteen groups, three
for natives and fourteen for immigrants. In detail, we select students for whom we have infor-
mation on the country of birth of one or both parents. Furthermore, when the parents’ places of
birth differ, we impute the mother’s country math score to the immigrant student. This choice
is justified by the observation that in several research fields, school success has been considered
to be more strongly tied to the role of mothers than to the role of fathers. ° In the Appendix, we
describe the rules we have adopted to impute M ath;,. Our estimation sample includes second-
generation immigrants, thus children in categories from 4 to 8, and first-generation students
who never studied in the country of origin, i.e., categories 12 and 14 to 17. Actually, PISA
records the number of years since migration, which allows us to calculate the number of years
of school attendance in the country of origin and to isolate the group of children who migrated

before primary school age.

In our control strategy, three groups of variables are included: student characteristics, house-
hold characteristics and school characteristics. Student characteristics are age, sex and the
distinction between first- and second-generation immigrants. In particular, to check whether
being born in the origin country has some effect even if the child has no years of primary
schooling in that country, we introduce the dummy Student born abroad, which takes value 1
if the child has migrated before primary school age. Moreover, first-generation students may
have been enrolled in the pre-school of the country of ancestry. To control for the potential
effect of attending pre-school in the country of origin, we also interact Student born abroad
with the variables for pre-school attendance.

As household characteristics, we control for the family’s Economic-Socio-Cultural Status

(ESCS) index'® and whether the language spoken at home is that of the test. In the robustness

°Even if there is no robust evidence supporting the assumption that the education level of mothers is more impor-
tant than that of fathers for the school attainment of children, it is a stylized fact emerging from time use surveys
(e.g., HETUS, ATUS and MTUS) that mothers spend more time with their children than do fathers.

10This synthetic index is provided by PISA.
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checks, we replace the ESCS index with some of its components such as the parents’ employ-
ment and education, and the number of books, the presence of a computer and an internet
connection in the home. In addition, we are able to control for whether parents work in a math-
related job.

As school characteristics, we control for the proportion of math teachers in the total staff and
for school size in terms of the number of students. Table 1 shows the list and the descriptive

statistics of all the variables used in the analysis.

RESULTS

Table 2 shows the estimated coefficients of equation 1. In both specifications (columns (1)
and (2)), we control for student characteristics, household characteristics and immigration sta-
tus, while in column (2), we add school characteristics in the country of the test. In the first
specification (column (1) of Table 2), the coefficient of parental attitude is equal to 64.77 and
statistically significant.

The estimated coefficient, b, of the math score of the parents’ country of origin in the first stage
is equal to 0.010, and it measures the effect of an increase of 1 score point on the parental
attitude. The estimated coefficient, [, of the parental attitude is equal to 64.77. If we substitute
equation 2 into equation 1, we obtain an increase of 0.64 score points, which is the result of
multiplying /3 * b. To appreciate this result, we can multiply this effect by 1 standard deviation
of the math score of the parents’ country of origin, i.e., 44.07 score points. We obtain a final ef-
fect of 28.54 score points, which is 28 percent of 1 standard deviation of the student math score
(102.56; see Table 1). In the second specification (column (2) of Table 2), although we control
for school characteristics in the destination country, this effect continues to hold, and it is equal
to 21 percent of 1 standard deviation of the student math score. For an indirect transmission
mechanism through parents’ math culture, this can be considered a quite substantial effect. An

alternative interpretation of the value of the coefficients may rely on the fact that the equivalent
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of one year of schooling is 40.80 score points on the PISA mathematics scale. '' Thus, an
increase of 0.64 score points is equal to 1.56 percent of one year of school, a non-negligible
effect, as the standard deviation of the math score of the country of origin - in our sample - is
equal to 44.07 score points.

All the control variables have the expected signs. Being male has a positive and significant ef-
fect on the math score equal to 20.15 points (see column (2) of Table 2). Having been enrolled
in a pre-school for two or more years has a positive effect on the math score of approximately
70 score points. Instead, neither Student born abroad nor its interaction with pre-school enroll-
ment is ever statistically significant.'? The latter findings show that the effect of the parental
attitude is not differentiated by generation of immigration and that pre-school attendance in the
country of origin has no effect.

ESCS has a positive and statistically significant coefficient, while Language spoken at home
decreases the math score of the student by 34 score points. Among the school characteristics,
only School size has a positive and statistically significant effect.

Our results allow us to accept our working hypothesis, i.e., that parental attitude could be en-
dogenous to the math score of the children. In fact, the Durbin (1954) and Wu-Hausman (Wu
(1974); Hausman (1978)) tests reject the null hypothesis of exogeneity (see the statistics in
Table 3). Moreover, the Wald test allows us to reject the null of a weak instrument for the math
score of the parental country of origin, with the F statistics being equal to 16.38, i.e., greater
than 10, which is the critical value according to the Stock and Yogo (2005) second characteri-
zation of weak instruments (see the statistics in Table 3).

We also conducted several checks to verify the robustness of this result. '* As a first robustness
check, we re-estimate the model using the score gap between immigrant and native students
UThe equivalent of almost six years of schooling, 245 score points on the PISA mathematics scale, separates the
highest and lowest average performances of the countries that took part in the PISA 2012 mathematics assessment
OECD (2012).

2Data available upon request.

3These checks are performed with a simplified procedure exploiting only one of the five PVs provided by PISA.
A comparison of the coefficients and standard errors yielded by the multiple imputation procedure described in

the Section Empirical Strategy with those estimated with only one of the five PVs shows that the differences are
minimal. The data are available upon request.
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in each school. One might be concerned that the way in which the parental attitude shapes
the score of the children differs according to the country of destination of the student, namely
where he/her took the test. A possible way to address this concern is to estimate a model with
country fixed effects. Unfortunately, we cannot implement this strategy because in our sample
there are three countries, out of eight, for which there is a single parental country of origin. This
feature of the data entails multicollinearity.'* Using the score gap is an alternative that allows us
to take into account the characteristics of the country of the test. In other words, using the gap,
we consider the characteristics of the country of the test via the natives’ scores. Specifically,
the score gap in math of immigrant student ¢ from origin country o who is attending school s in
destination country d, ScoreGap;s.q, is calculated as the difference between immigrant student

1’s score and the average math score of native students in the school as follows:

ScoreGapisod = Yisod — (X0 Yns) /Ny

where ScoreGap;s,q measures the immigrant-native student score gap, v, is the score of na-
tive student n enrolled in school s, and /N, is the total number of natives in school s. As Table
4 shows, the change in the dependent variable with the adoption of the score gap confirms our
result. This result indicates that for 1 standard deviation of the math score of the origin country,
the effect amounts to 14.5 percent of 1 standard deviation of the score gap.
As a second robustness check, we re-estimate the model including a dummy variable that con-
trols for parents working in a mathematics-related career. This might have an effect on parental
attitudes.'”” As shown in Table 5, this variable positively affects the math score of the child,
but the effect related to the parental attitude toward math is still present, and the positive and
statistically significant coefficient does not change in magnitude with respect to the main spec-

ification presented in Table 3.

14The destination country fixed effect is collinear with the national math score of the country of origin in those
countries where immigrants have a single origin.

SThe question reads as follows: “Does anybody in your family (including you) work in a mathematics-related
career?”’; Section H: Academic and Professional Expectations in mathematics, question PA15.
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As a third robustness check, we re-estimate our model substituting detailed household charac-
teristics for the synthetic index ESCS. These characteristics are the parents’ employment status,
i.e., if the mother and the father are in full-time employment. In addition, to take into account
the role that the level of education of the parents may exert on their attitude toward math, we
add a dummy for parents having a tertiary education. As Table 6 illustrates, parents’ education
and employment variables are not significant.

Finally, we performed some robustness checks using alternative specifications of the instru-
mental variable. First, we re-estimate by adopting a different strategy for instrumenting the
parental attitude. Column 1 of Table 7 illustrates the coefficients of the second-stage estimation
using two instrumental variables, i.e., the country of origin GDP per capita (in PPP) and the
country of origin math score. In column 2 of Table 7, we show estimates when employing as an
instrumental variable only the country of origin GDP per capita. In so doing, we seek to verify
that our result is not due to the potential positive correlation between a country’s performance
in math and its economic development. The comparison between columns 1 and 2 allows us to
reject the hypothesis that the origin country’s economic development is a general indicator of
school quality that affects the outcomes of immigrant students in their countries of destination.
In fact, parental attitude is still a positive and significant explanatory factor of the children’s
scores in math in the specification that adopts the country of origin GDP as a second instru-
mental variable (column 1). On the contrary, it loses its explanatory power in the specification
that uses only the country of origin GDP as the instrumental variable (column 2). Note that the
first-stage coefficients of GDP are never significant.

Second, one might argue that parental attitude depends on the origin country’s performance in
math at the time when the parents attended school. The only way to test this hypothesis would
be to use the average math performance reported in past PISA surveys, i.e., 2009, 2006, 2003
and 2000, that are plausibly nearer in time to parents’ school attendance. Unfortunately, we

cannot perform this check because the number of origin countries of parents assessed in PISA
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decreases the older the survey is, thereby drastically reducing our sample: e.g., if we use aver-
age scores of origin countries in 2000, we are left with approximately 400 observations. As an
alternative, we checked that the average math performance values of the origin countries in our
sample do not change significantly over time with respect to 2012. This evidence is somewhat

reassuring.

CONCLUDING REMARKS

In this paper, we investigated whether parental attitude toward math influences children’s
performance in this subject. Our results have shown that children’s math scores increase if
parents believe that it is worth studying math because of its usefulness in the labor market. In
particular, an increase of 1 score point in the country of ancestry performance in math has a
positive effect on the parental attitude that increases student performance by 21 percent of 1
standard deviation of the student’s math score. This finding is robust to the reverse causality
issue arising when using parents’ beliefs to study children’s school outcomes, thanks to the
adoption of an original twofold identification strategy. This strategy relies, first, on generations
of immigration that have not being exposed to math teaching in the origin country and, second,
on instrumenting the parental attitude with math performance in the origin country. Our result
continues to hold if we measure this effect in relative terms, namely, on the immigrant-native
score gap. With this study, we have provided evidence on the role played by an intangible
factor, i.e., parental beliefs about the value of a specific competence, in explaining children’s
school outcomes, a particular aspect of the intergenerational transmission of culture that had to

be studied.
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TABLE 1. Descriptive statistics

Variable Mean Std. Dev. Min Max

Dependent variables, second stage

Math score of the student 491.65 102.56  207.60 795.15
Immigrant-native score gap in math -10.63 74.57 -257.92 230.30
Instruments

Math score of parents’ country of origin 494.30 44.07 391.00 561.00

GDP origin country (per capita, PPP, 1000 dollars)  34.95 17.12 9.08 86.34

Parents’ characteristics

Parental attitude toward math (a) .61 2.98 -3.97 9.47
Mother with tertiary education (b) .19 .39 0 1
Father with tertiary education (b) 21 41 0 1
Mother has a full-time job (c) 43 .50 0 1
Father has a full-time job (c) 74 44 0 1
Parent in a math-related career (d) 46 .50 0 1

Students’ characteristics

Student sex (e) A48 .50 0 1
Student age 15.78 30 15.00 16.33
One year of pre-school or less 0.11 31 0 1
Two or more years of pre-school .82 .38 0 1
Student born abroad (f) .10 .30 0 1
Households’ characteristics

ESCS (g) -33 1.07 -3.74 243
Language spoken at home (h) 22 41 0 1
Computer at home 93 .26 0 1
Internet at home 91 28 0 1
Number of books at home (i) 2.75 1.41 1 6
School characteristics

Proportion of math teachers in the school staff A7 A1 0.00 1.00
School size 885.58 630.39 50 6,800
Number of observations 1,087

(a) Our calculations, estimated with GSEM (ologit) using information drawn from the parent’s questionnaire. (b)
Reference categories: all other levels of education and no education. (c) Reference categories: part-time job, not
working but looking for a job, other (e.g., home duties, retired).(d) Information drawn from the parents’
questionnaire. (e) Percentage of boys. (f) Percentage of first-generation children in the sample (i.e., those who
were born abroad but migrated before primary school age). (g) Index of the Economic, Socio and Cultural Status
of the family. (h) Percentage of students for whom the language spoken at home is different from that of the test.
(1) Categories ranging from 1 to 6 indicating from fewer than 10 to more than 500 books.



TABLE 2. Student math score: IV estimated model.
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(1) (2)
Second stage: Math score of the student
Parental attitude toward math 64.77%% (20.34) 45.42%** (7.53)
Student age 0.01 0.0) 0.00 (0.00)
Student sex (a) 17.12 9.61)  20.15%*  (8.05)
One year of pre-school 58.57*  (29.66) 26.64 (29.57)
Two years or more of pre-school 80.12*%* (29.29) 69.86*%*  (24.73)
Student born abroad 11.31 (20.18) 21.43 (13.38)
ESCS 16.50  (10.25) 20.68%*F  (7.63)
Language spoken at home -52.10  (3242) -34.11 (23.55)
Proportion of math teachers 190.98 (119.69)
School size 0.03***  (0.05)
First stage: Parental attitude toward math
Math score of the country of origin 0.010*  (0.005) 0.011**  (0.005)
N 1,087 974

*p < 0.05; ** p < 0.01; *** p < 0.001. Dependent variable: math score (mean of the coefficients of the five
plausible values). Linear model with I'V: parental attitude instrumented with the PISA math score of the country

of origin. Standard errors clustered by country of destination and calculated with Rubin’s correction.
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TABLE 3. Tests for endogeneity and for weakness of the instrument

Test of endogeneity

Durbin (score) chi2(1)
Wu-Hausman F(1,1077)

=79.5393  (p =0.0000)
=85.0295  (p =0.0000)

First-stage regression summary statistics

Variable
Parental attitude

R-sq. Adjusted R-sq Partial R-sq. F(1,1078) Prob>F
0.036 0.029 0.020 21.60 0.000

Weakness of the instrument

2SLS relative bias
Wald test

10 percent 15 percent 20 per cent 25 per cent
16.38 8.96 6.66 5.53
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TABLE 4. Robustness check: score gap in math.

Parental attitude toward math 22.28%  (10.22)
Student age 0.00 (0.00)
Student sex 21.14%*  (7.84)
One year of pre-school -2.73 (20.17)
Two years or more of pre-school 10.42 (18.53)
ESCS 3.80 (4.91)
Language spoken at home -37.10%  (15.86)
Proportion of math teachers 90.24 (91.89)
School size 0.00 (0.00)
Constant -49.93*  (22.70)
N 974

RootMSE? 98.40

*p < 0.05; ¥* p < 0.01; *** p < 0.001. Dependent variable: score gap (coefficients of the first plausible value).
Linear model with IV: parental attitude instrumented with the PISA score math of the country of origin. Standard
errors clustered by country of destination.
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TABLE 5. Robustness check: math score. Controlling for parent in a math-
related career.

Parental attitude toward math 47.96*%*%*  (9.71)

Student age -0.00 (0.00)
Student sex 20.67* (8.76)
One year of pre-school 32.58 (37.23)
Two years or more of pre-school 68.83* (28.16)
ESCS 16.96%* (8.27)
Language spoken at home -38.92 (26.15)
Parent in a math-related career ~ 38.79* (16.47)
Proportion of math teachers 205.72 (135.26)
School size 0.03*** (0.00)
Constant 329.72%%*  (19.32)
N 964

RootM SE? 158.89

*p < 0.05; ** p < 0.01; *** p < 0.001. Dependent variable: math score (coefficients of the first plausible
value). Linear model with IV: parental attitude instrumented with the PISA math score of the country of origin.
Standard errors clustered by country of destination.



TABLE 6. Robustness check: math score.
Details of the household socio-economic condition.

Parental attitude toward math 42 65%**

Student age 0.00
Student sex 23.10%*
One year of pre-school 33.87
Two years or more of pre-school 68.23%%*
Language spoken at home -34.53
Mother with tertiary education  3.33
Father with tertiary education -3.61
Mother full time job 9.46
Father full time job -6.19
Computer at home 27.36
Internet at home -31.54
Number of books at home 24 .58%*%
Proportion of math teachers 170.07
School size 0.03%**
Constant 201.73%%*
N 963
RootM SE? 145.41

(9.25)
(0.00)
(7.64)
(31.71)
(23.87)
(23.09)
(10.00)
(18.66)
(11.31)
(13.45)
(18.44)
(20.25)
(4.86)
(122.31)
(0.00)
(46.38)

*p < 0.05; ¥* p < 0.01; *** p < 0.001. Dependent variable: math scores (coefficients of the first plausible

value). Linear model with IV: parental attitude instrumented with the PISA math score in the country of origin.

Standard errors clustered by country of destination.
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TABLE 7. Robustness check: math score. GDP as an alternative instrument.

&), 2
Parental attitude toward math 45.04%%* 60.28
(9.89) (40.36)
Student age -0.00 0.00
(0.00) (0.01)
Student sex 19.53%* 23.48
(10.16) (13.28)
One year of pre-school 29.81 37.21
(24.24) (35.82)
Two or more years of pre-school 68.34%* 70.40%*
(19.73) (27.85)
ESCS 20.96%** 20.17
(4.65) (10.57)
Language at home -34.02% -44.03
(13.64) (41.31)
Proportion of math teachers 184.20%* 259.42
(71.44) (283.44)
School size 0.030%** 0.03%*
(0.007) (0.01)
Constant 352.987%** 3209.09%***
(24.477) (71.20)
First stage: Parental attitude toward math
Math score of the country of origin 0.014%%**
(0.003)
GDP (PPP) 0.000 0.000
(0.000) (0.000)
N 974 974
RootM SE? 190.07

*p < 0.05; ¥* p < 0.01; *** p < 0.001. Dependent variable: math scores (coefficients of the first plausible
value). Linear model with I'V: parental attitude instrumented with the PISA math score of the country of origin
and the GDP of the country of origin in (1) and with the GDP of the country of origin in (2). Standard errors
robust in (1) and clustered by country of destination in (2).



25

REFERENCES

Baltagi, Badi H. 2011. Econometrics. Springer.

Bisin, Alberto and Thierry Verdier. 2001. “The economics of cultural transmission and the
dynamics of preferences.” Journal of Economic theory 97 (2):298-319.

Black, Sandra E, Paul J Devereux, and Kjell G Salvanes. 2005. “The more the merrier? The
effect of family size and birth order on children’s education.” The Quarterly Journal of
Economics 120 (2):669-700.

Brunello, Giorgio and Daniele Checchi. 2007. “Does school tracking affect equality of oppor-
tunity? New international evidence.” Economic policy 22 (52):782-861.

Durbin, James. 1954. “Errors in variables.” Revue de !’institut International de Statistique
22 (1):23-32.

Fernandez, Raquel. 2012. “Does Culture Matter?” In Handbook of Social Economics, edited
by J. Benhabib, M. Jackson, and A. Bisin, chap. 1B. Amsterdam: North-Holland, 481-510.

Figlio, David, Paola Giuliano, Umut Ozek, and Paola Sapienza. 2016. “Long-Term Orienta-
tion and Educational Performance.” Working Paper 22541, National Bureau of Economic
Research.

Hanushek, Eric A and Ludger Woessmann. 2006. “Does educational tracking affect perfor-
mance and inequality? Differences-in-differences evidence across countries.” The Economic
Journal 116 (510):C63-C76.

. 2011. “The economics of international differences in educational achievement.” In

Handbook of the Economics of Education, edited by E. Hanushek, S. Machin, and L. Woess-
mann, chap. 4. Amsterdam: Elsevier, 89-200.

Harris, Douglas N and Tim R Sass. 2011. “Teacher training, teacher quality and student
achievement.” Journal of public economics 95 (7):798-812.

Hausman, Jerry A. 1978. “Specification tests in econometrics.” Econometrica: Journal of the

Econometric Society 46 (6):1251-1271.



26

Hertz, Tom, Tamara Jayasundera, Patrizio Piraino, Sibel Selcuk, Nicole Smith, and Alina Ve-
rashchagina. 2007. “The inheritance of educational inequality: International comparisons
and fifty-year trends.” The BE Journal of Economic Analysis & Policy 7 (2):1-46.

Ho, Esther Sui Chu. 2010. “Family influences on science learning among Hong Kong ado-
lescents: What we learned from PISA.” International Journal of Science and Mathematics
Education 8 (3):409-428.

Hsin, Amy and Yu Xie. 2014. “Explaining Asian Americans academic advantage over whites.”
Proceedings of the National Academy of Sciences 111 (23):8416-8421.

Jackson, C Kirabo, Jonah E Rockoff, and Douglas O Staiger. 2014. “Teacher effects and
teacher-related policies.” Annu. Rev. Econ. 6 (1):801-825.

Jerrim, John. 2015. “Why do East Asian children perform so well in PISA? An investigation of
Western-born children of East Asian descent.” Oxford Review of Education 41 (3):310-333.

Krapohl, Eva, Kaili Rimfeld, Nicholas G Shakeshaft, Maciej Trzaskowski, Andrew McMil-
lan, Jean-Baptiste Pingault, Kathryn Asbury, Nicole Harlaar, Yulia Kovas, Philip S Dale
et al. 2014. “The high heritability of educational achievement reflects many genetically
influenced traits, not just intelligence.” Proceedings of the National Academy of Sciences
111 (42):15273-15278.

Kreuter, Frauke, Stephanie Eckman, Kai Maaz, and Rainer Watermann. 2010. “Children’s
reports of parents’ education level: Does it matter whom you ask and what you ask about.”
Survey Research Methods 4 (3):127-138.

Mislevy, Robert J. 1991. “Randomization-based inference about latent variables from complex
samples.” Psychometrika 56 (2):177-196.

Mislevy, Robert J, Albert E Beaton, Bruce Kaplan, and Kathleen M Sheehan. 1992. “Esti-
mating population characteristics from sparse matrix samples of item responses.” Journal of
Educational Measurement 29 (2):133-161.

Nollenberger, Natalia, Nuria Rodriguez-Planas, and Almudena Sevilla. 2016. “The Math Gen-
der Gap: The Role of Culture.” The American Economic Review 106 (5):257-261.



27

OECD. 2012. “PISA 2009 Technical Report.” OECD Publishing .

. 2015. “The ABC of Gender Equality in Education.” OECD Publishing .

Perera, Liyanage Devangi H. 2014. “Parents’ attitudes towards science and their children’s
science achievement.” International Journal of Science Education 36 (18):3021-3041.

Ratelle, Catherine F, Simon Larose, Frédéric Guay, and Caroline Senécal. 2005. “Perceptions
of parental involvement and support as predictors of college students’ persistence in a science
curriculum.” Journal of Family Psychology 19 (2):286.

Rivkin, Steven G, Eric A Hanushek, and John F Kain. 2005. “Teachers, schools, and academic
achievement.” Econometrica 73 (2):417-458.

Rockoff, Jonah E. 2004. “The impact of individual teachers on student achievement: Evidence
from panel data.” The American Economic Review 94 (2):247-252.

Rothstein, Jesse and Nathan Wozny. 2013. “Permanent income and the black-white test score
gap.” Journal of Human Resources 48 (3):510-544.

Rouse, Cecilia Elena and Lisa Barrow. 2006. “US Elementary and secondary schools: equaliz-
ing opportunity or replicating the status quo?” The Future of Children 16 (2):99-123.

Rubin, Donald B. 2004. Multiple imputation for nonresponse in surveys. John Wiley and Sons,
New York.

Rustichini, Aldo, William G Iacono, and Matt McGue. 2017. “The Contribution of Skills
and Family Background to Educational Mobility.” The Scandinavian Journal of Economics
119 (1):148-177.

Saarela, Mirka and Tommi Karkkainen. 2014. “Discovering gender-specific knowledge from
Finnish basic education using PISA scale indices.” In Educational Data Mining 2014.

Samejima, Fumiko. 1969. “Estimation of latent ability using a response pattern of graded
scores.” Psychometrika monograph supplement 34 (17).

Schiitz, Gabriela, Heinrich W Ursprung, and Ludger WoBmann. 2008. “Education policy and
equality of opportunity.” Kyklos 61 (2):279-308.



28

Stock, James H and Motohiro Yogo. 2005. “Testing for weak instruments in linear IV regres-
sion.” Identification and Inference for Econometric Models: Essays in Honor of Thomas
Rothenberg 5:80-108.

Sun, Letao, Kelly D Bradley, and Kathryn Akers. 2012. “A multilevel modelling approach
to investigating factors impacting science achievement for secondary school students: PISA
Hong Kong sample.” International Journal of Science Education 34 (14):2107-2125.

Tucker-Drob, Elliot M, Amanda K Cheung, and Daniel A Briley. 2014. “Gross Domestic
Product, Science Interest, and Science Achievement A Personx Nation Interaction.” Psy-
chological science 25 (11):20472057.

Urquiola, M. 2016. “Competition among schools: Traditional public and private schools.” In
Handbook of the Economics of Education, edited by E. Hanushek, S. Machin, and L. Woess-
mann, chap. 4. Amsterdam: Elsevier, 210-237.

Wang, Debbie Baofeng. 2004. “Family background factors and mathematics success: A
comparison of Chinese and US students.” International Journal of Educational Research
41 (1):40-54.

Wu, De-Min. 1974. “Alternative tests of independence between stochastic regressors and dis-
turbances: Finite sample results.” Econometrica 41 (4):529-546.

Zheng, Xiaohui and Sophia Rabe-Hesketh. 2007. “Estimating parameters of dichotomous and

ordinal item response models with gllamm.” Stata Journal 7 (3):313-333.



APPENDIX

29

TABLE 8. Imputed average math score according to the student’s and par-
ents’ countries of birth.

Cat. Student birth Mother birth Father birth Imputed Math In the sample
Score
Natives
1 Test country Missing Test country Test country No
2 Test country Test country Test country Test country No
3 Test country Test country Missing Test country No
Second generation
4 Test country Test country Another country Father country  Yes
5 Test country Another country Test country Mother country  Yes
6 Test country Another country Missing Mother country  Yes
7 Test country Another country Another country Mother country  Yes
8 Test country Missing Another country Father country  Yes
First generation
9 Another country* - No
10 Another country Test country Test country Test country No
11 Another country Missing Test country Test country No
12 Another country**  Test country Another country Father country  Yes
13 Another country Test country Missing Test country No
14 Another country**  Another country Test country Mother country  Yes
15 Another country**  Another country Missing Mother country  Yes
16 Another country**  Another country Another country Mother country  Yes
17 Another country**  Missing Another country Father country  Yes

* Students who started primary education in the origin country;

*# Students who started primary education in the destination country.



