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Abstract

This article studies how parental education affects children's completed years of schooling. Using a long-term
survey, we test whether the intergenerational schooling mobility follows a linear or a nonlinear path. In line with
some influential theoretical models, we find that the intergenerational link is clearly nonlinear. In particular,
using a quantile regression technique and a generalized additive model, we conclude that this relationship has a
logistic shape. This evidence suggests that works in which the intergenerational schooling mobility is estimated
by using standard linear techniques do not capture salient nonlinearities.
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1. Introduction

Schooling is one of the major mechanisms through which intergenerational social mobility is affected. With
intergenerational social mobility, we refer to the relationship between the socioeconomic conditions of two
contiguous generations. Empirical works on intergenerational schooling mobility aim to estimate the impact of
parental education on the children’s realized educational attainment. This empirical literature is based on
intergenerational income mobility models such as Becker and Tomes (1979, 1986) and Solon (1999).

There are many articles studying the link between parental background and schooling of children (see, e.g.,
Behrman & Taubman, 1989; Behrman & Rosenzweig, 2002; De Haan & Plug, 2011). These studies show the
existence of a positive relationship between parents’ education and children’s education. Haveman and Wolfe
(1995) argue that the education of parents is one of the most important factors in explaining children’s
achievement. The impact of mother's education is usually larger than the father's one.

Researchers have studied different mechanisms behind this relationship. In general, these studies focus on the
role played by parenting behaviors in predicting child’s success in school. Linver, et al. (2002) and Yeung et al.
(2002) study how home environment influences achievement outcomes. Conger et al. (2002) and Mistry et al.
(2002) consider the role of other parenting dimensions such as warmness and nurturing. Finally, Halle et al.
(1997) and Davis-Kean (2005) emphasize the fact that parents’ beliefs have significant effects on the child’s
education. In particular, Davis-Kean finds that parents’ expectations represent an intermediate channel through
which other key determinants affect children’s achievement outcomes. These determinants are parents’ years of
schooling, parental warmth and the fraction of time devoted to reading.

Obviously, correlation does not automatically imply any causal link between parents and children’s education.
Three approaches have been taken to detect the existence of a causal channel going from parental background to
children’s schooling performances. For instance, collecting data for identical twins and their children, Berhman
and Rosenzweig (2002, 2005) find that only father’s education affects children’s attainments. In this way, it is
possible to control for genetic factors that can potentially explain child’s performances. Other studies use
adoptees’ education to address the causality issue. Sacerdote (2002), Plug and Vijverberg (2003), and Bjorklund
et al. (2006) find a low intergenerational mobility in adoptive families. Therefore, genetic characteristics play a
role in explaining children’s attainment. Finally, contributions based on instrumental variables and schooling
reforms suggest that father’s education is less important than mother’s education for the intergenerational
transmission of human capital (see Carneiro et al., 2007). To In general, the empirical literature is far from being
conclusive.
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Unfortunately, most of these works estimate a linear model without testing the existence of possible
nonlinearities. Without addressing any causality issue, we argue that the use of a linear model may lead to biased
estimates. That is, independently on the purpose of the study, a researcher should take into account the existence
of nonlinear effects in the intergenerational transmission of education. The same conclusion holds for censored
data when we use the replacement method proposed by De Haan and Plug (2011).

The reasons for these nonlinearities can be found in models such as Azariadis and Drazen (1990) and Galor and
Zeira (1993). According to this literature, given the presence of intergenerational externalities or credit
constraints, the accumulation of human capital may follow a logistic path and a poverty trap may arise. (Note 1)
This is the reason why the shape of the intergenerational path is so relevant.

To detect the existence of these nonlinearities, we carry out a quantile regression analysis in which each
coefficient captures the marginal effect of covariates on the t-th conditional quantile of the response variable.
One advantage of using this technique is that quantile regressions will be more robust in response to large
outliers. That is, centering our estimates at different quantiles, we can obtain more complete and robust results.

Although there are studies using quantile regression for educational attainment (see Betts & Grogger, 2003),
since the variability of educational attainments can be too small, we also estimate a generalized additive model
(GAM) in which the mother and father's education levels enter the nonparametric part of the model. (Note 2)
The main advantage of this technique is that we do not impose an aprioristic model, allowing the data to reveal
the shape of the main relationships.

We arrive at two interesting results. First, both methods confirm the nonlinear nature of the intergenerational
schooling mobility process. Second, for a Bachelor’s Degree, the impact of father’s education on the child’s
education is higher than mother’s one.

The rest of the article is organized as follows. Section 2 presents the econometric techniques we use. Section 3
describes the data set. Section 4 reports the results of the analysis, and Section 5 concludes.

2. Methodology
Following De Haan and Plug (2011), we start from the following econometric specification:
Si = a+ BrSri + BuSu; +¥DG; + &, 1)

where S; represents the years of completed schooling for individual i, Sp; and Sy, ; are her father and mother's
education levels, DG is a dummy variable to capture gender differences, and ¢; is an error term. Equation (1)
will be estimated by a quantile regression technique, where each coefficient captures the impact of the regressor
on the t-th conditional quantile of the response variable. Formally, we estimate:

Qs,(TlX:) = a(r) + Br(D)Sk,;i + Bu(D)Su,: + v (T)DG;, 2

where a(7), Br(7), Bu(r) and y(r) represent the marginal impact of each covariate on the 1-th conditional
quantile of the response variable. For each quantile, the intercept captures the marginal effect of the average
parental background on the child’s education.

We estimated Equation (2) by minimizing the weighted sum of (absolute) residuals. This minimization problem
is formulated as a standard linear programming problem. Given our sample size, we used an algorithm similar to
the one provided by Barrodale and Roberts (1974). (Note 3) This procedure is particularly indicated for
relatively large samples. Since integrating the quantile function over the entire support leads to the sample mean,
we can obtain an approximation of the OLS effect by simply integrating the quantile coefficients over their
domain. However, with very heterogeneous results, this interpretation may be misleading.

Constructing reliable confidence intervals can be rather difficult in a quantile regression framework. This is due
to the fact that the asymptotic covariance matrix depends on the (conditional) error density function estimated at
zero. We attempted to estimate a sandwich form of this matrix; however, because adjacent quantile surfaces
overlap many times, negative estimates occurred. (Note 4) Therefore, we decided to estimate the kernel
specification proposed by Newey and Powell (1990). This methodology provides interval estimates that are
asymptotically efficient when errors are non-iid. (Note 5)

Because fr and B, change along the quantile regression, we also estimated a generalized additive model
(GAM) in which the mother and father's education levels enter the nonparametric part of the semi-parametric
model. In this case, Equation (1) becomes
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Si =a+ f(SF,i) + g(SM_l) + yDGl + & (3)

Here, f{.) and g(.) are two a priori unknown functions and represent the nonparametric component of the model.
Following Wood (2006), the impact of control variables is estimated by iteratively re-weighted least squares.
The nonparametric term is obtained by using a quadratically penalized GLM in which the appropriate degrees of
freedom are determined by generalized cross-validation. This technique allows us to check the consistency and
robustness of our results.

3. Data

Data comes from the Wisconsin Longitudinal Study (hereafter WLS). This is a long-term sample containing
information on 10,317 graduates from Wisconsin high schools in 1957. The WLS provides data on many social
dimensions such as intergenerational relationships, donations, household management, expenditures and health.
Data was gathered from graduates if available or their parents. The entire dataset consists of five waves: 1957,
1964, 1975, 1992, and 2004. In 2004, the sample also contains data on graduates’ spouses.

We consider those questions on the attainment levels of respondents with children during the following three
waves: 1975, 1992 and 2004. The main information refers to completed years of schooling for children and
parents. Descriptive statistics are reported in Table 1.

Table 1. Descriptive statistics

Mean Std. Dev. (Min, Max) Skewness Kurtosis

Years of schooling (child) 14.50 2.30 (9,24) 0.33 2.66
Years of schooling (mother) 12.91 1.72 (4,20) 1.23 4.01
Years of schooling (father)  13.62 2.67 (3,24) 0.77 3.32
Gender (daughter=1) 1450 0.50 (0,1) 0.04 1.00

As additional controls, we include the child’s age and gender. In 2004, married respondents with children were
5,660; however, for 316 out of 5,660 individuals relevant information is missing. We include in our regressions
only individuals for whom data are available in the three waves. Therefore, the final sample consists of 4,097
observations. We use the WLS because in this way our quantile coefficients can be directly compared with De
Haan and Plug’s findings. However, one can argue that the WLS is a nonrepresentative sample. In fact, by
construction, the WLS undersamples individuals with low education levels. First, a local linear polynomial
estimator is more robust than a simple OLS estimator when the support of covariates is a subset of the entire
domain. Second, on the basis of De Haan and Plug’s results, we check the robustness of our conclusions by
estimating a GAM also for two commonly used datasets: the National Longitudinal Survey of Youth (NLSY)
and the Panel Study of Income Dynamics (PSID, University of Michigan). The PSID is a survey started in 1968.
The entire sample considers about 5,000 families. In our subsample, low-income households are overweighed. In
this survey, mothers were asked to formulate their expectations regarding the final education achievement of
their children. Our dataset contains 1936 observations and we also know fathers’ education levels. Finally, we
also use the 1996 wave of the NLSY. We consider 1,587 families, excluding separated parents. As for the PSID,
even in this case the focus is on mothers’ expectations. For a detailed description of these samples, we refer to
De Haan and Plug (2011).

4. Results

Figure 1 presents the quantile regressions for Equation (2). Note that the quantile regression estimates lie outside
mean regression confidence interval indicating that this technique provides further information regarding the
process of intergenerational schooling diffusion. The noncoverage probability for the confidence intervals is 5%.
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Figure 1. Coefficient plots (quantile regressions)

According to Figure 1, the years of schooling of the older generation matter to explain realized attainment levels.
A synthesis of these results is provided in Table 2, where we report only the coefficients at the decile level. In
Table 2, we can see that, for the 5-th and the 6-th decile, the coefficient on father’s education is higher than the
mother’s coefficient. These deciles correspond to attainments between 14 and 16 years of schooling.

Table 2. Quantile regressions

0.1 0.2 0.3 04 0.5 0.6 0.7 0.8 0.9
Intercept  9.08%*%  420%* 3.00%* 4.67%% 582%k 733%k [Q4%x || 5%k 9)(*
(0.55)  (0.31)  (0.28) (0.28)  (0.34) (0.36)  (0.40)  (0.34)  (0.36)
Father  0.04%% 025%x (33%% (033%% (36%% 033%% (20%* (.13%% (.27**
0.02)  (0.02) (0.03) (0.03) (0.02) (0.02) (0.02) (0.02) (0.02)
Mother ~ 0.20%  0.40%*  0.42%% (33%% 27+ (022%% (20%*% (025% (.30%*
(0.04)  (0.04) (0.04) (0.02) (0.03) (0.03) (0.02) (0.03) (0.04)
DG 004 000 000 033 009 022 000 000 0.0
0.04)  (0.06) (0.07) (0.08) (0.10) (0.10) (0.09) (0.07)  (0.06)
Obs 4097 4,097 4097 4097 4,097 4097 4,097 4,097 4,097

Std. errors are in parentheses. Sig. levels: ** 1%, * 5%.

The fact that Sz and [, first increase and then decrease is consistent with the idea of a logistic relationship
between Sp; and Sy ;. Therefore, to test and characterize the relationship between parental schooling and
child's education, we use a semiparametric model in which Sg; and S),; enter the nonparametric part.

Table 3 summarizes the semi-parametric analysis. The estimated degrees of freedom of the nonparametric parts
(NP) show that nonlinearities are particularly strong for mother’s education. One possible explanation could be
the fact that time devoted by a father to children is less sensible to his educational attainment. (Note 6)

Nonlinearities are even stronger when we use our alternative samples: NLSY and PSID.

Table 3. Semi-parametric regression

WLS NLSY PSID
Intercept 14.46%* 14.447 13.91

(0.04) (0.60) (0.15)
Father NPp** NP** NP**

Edf=3.67 Edf=7.31 Edf=4.16
Mother NP** NP** NP**

Edf=5.87 Edf=8.85 Edf=4.08
DG 0.09 - -

(0.06)
Obs 4,097 2635 1936
R-sq.(adj) 0.23 0.21 0.27
GCV-score 411 3.61 2.61

Std. errors are in parentheses. Sig. levels: ** 1%, * 5%.
Edf (Estimated Degrees of Freedom)
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Figure 2 reports the smooth components of Equation (3) for our main sample (WLS). Vertical axes are on the
scale of the linear predictor.

T T T T T T T
5 10 15 20 5 10 15

Father's education Mother's education

Figure 2. Nonparametric estimates (GAM)

As expected, Figure 2 shows that the relationship between parental education and child's education is nonlinear.
These estimates are in line with the quantile regressions, confirming the robustness of our conclusions.

5. Discussion

This article was motivated by concerns that previous studies on intergenerational schooling mobility implicitly
assumed that the relationship between parental education and child's education was linear. By estimating a
quantile regression and a generalized additive model, we found that this relationship is nonlinear. This result
does not change when we use different samples. As suggested by some overlapping generation models on
poverty traps, this relationship is first convex and then concave. That is, returns to parental background are first
increasing and then decreasing. In particular, the relationship between mother’s education and children’s
education seems to be extremely nonlinear. Although the impact of mother’s education on child’s education is
generally higher than father’s one, the opposite holds when we consider median estimators. These results explain
why the literature is not conclusive on this topic. That is, empirical findings depend on the composition of the
sample.

Independently of causality issues, this article has important methodological implications for future studies.
Indeed, researchers should take into account the existence of nonlinearities in the intergenerational transmission
of education. That is, since linear models can lead to extremely biased estimates, they should use more flexible
specifications.
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Notes

Note 1. Other models with equilibrium multiplicity in the accumulation of human capital are Murphy et al.
(1989), Redding (1996), Aiyar (2003) and Bassetti (2012). These models attribute the existence of nonlinearities
to the lack of coordination among economic agents.

Note 2. This technique was first proposed by Hastie and Tibshiran (1986, 1990), along with estimation methods
and inference.

Note 3. See Koenker and d'Orey (1987) for a detailed description of this algorithm.
Note 4. The number of non-positive values was 50 out of 4,097.
Note 5. Also a bootstrap method based on 200 replications confirms the validity of our results.

Note 6. There are no relevant interaction effects between mother and father’s education.
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