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Chapter 1
Introduction
This PhD dissertation consists of four chapters on economics of language and family economics.
It focuses on two main topics: the effects of languages on labor market and education, and the
effects of sex ratio on marriage outcomes. Chapter 2 studies how language problems in Dutch
affect the labor market performance of immigrants. Chapter 3 further investigates the effects of
dialect-speaking on the labor market performance of Dutch native residents. Chapter 4 studies the
effects of dialect-speaking on academic performance in Dutch primary schools and its spillover
effects among classmates. Chapter 5 studies a different topic on family economics. It investigates
the relationship between the sex ratio of males to females and timing of first marriage by exploiting
exogenous shocks of family planning policies.
Language skills are viewed as a part of human capital and play an important role in labor market
performance, academic performance, health outcomes, consumption and financial investment, etc
(see Chiswick and Miller (2014) for an overview). Existing literature predominantly study the
wage return of widely spoken languages such as English and Spanish. In Chapter 2, I extend
the topic by quantitatively estimating the return to a less widely used European language, Dutch,
given that English is an option to communicate with Dutch natives. Based on survey data from
LISS panel, I find that proficiency in Dutch can still significantly increase employment and hourly
wage for immigrants, especially females. I use an instrumental variable method to establish the
1

causality of Dutch proficiency. The instrument is the interaction of age at arrival and whether
one spoke Dutch during childhood, assuming that non-language effects of age at arrival are the
same between Dutch-speaking immigrants and non-Dutch speaking immigrants. Besides, this
paper contributes to the literature by considering the language effects on various labor market
performance and considering labor market performance of females. The major findings suggest
that for female immigrants language problems have significantly negative effects on hourly wages
but not on employment probability and hours of work. For male immigrants language problems do
not affect any labor market variable.
The Chapter 3 contributes to the literature by studying how regional dialects affect the labor
market performance of native residents. Dialects are widespread in many European and Asian
countries. They differ from a standard language mainly in speech pattern. It can be acquired
without formal education and associated with lower social status. Based on LISS panel, I find
wage penalty of dialect-speaking behavior by 4% on males in the Netherlands. The identification
strategy is to use geographic distance to Amsterdam inferred from confidential postcode as an IV to
dialect-speaking. The main conclusion is that for male workers there is a significant wage penalty
of dialect-speaking while for female workers there is no significant difference.
Besides labor market performance at adulthood, return to language skills can be traced back to
the accumulation of human capital at early stages of life. In education setting, spillover effects from
classmates are an important determinant to academic performance. In Chapter 4, I examine the role
of dialect usage and its spillover effects on test scores of young children aged 5-6 in the Netherlands.
The data is from PRIMA, a large-scale survey project covering 10% Dutch primary schools. I find
that speaking dialects as the mother tongue decreases language scores by 0.08 standard deviations
for boys, but not significant for girls. It suggests that boys and girls have different trajectories of
language development. Based on quasi-experiment of class allocation, I find causal evidence that
there is no spillover effects of dialect-speaking on classmates’ test scores.
In Chapter 5, I study family economics. This paper pins down gender imbalance and marriage
pattern in developing countries. Age at the first marriage keeps increasing in many Asian countries
2

during the last two decades, and a high sex ratio (number of males to females) can be a key factor to
explain the pattern of delaying marriage for both males and females. This paper contributes to the
literature that it is the first study to examine the effect of sex ratio on timing of first marriage, rather
than static marriage outcomes. It also takes into account censoring of young cohorts in marriage
market by using hazard models. Besides, it is the first to study the policy effects of relaxation of
birth limit. Due to traditional son preference, restrict fertility policies and prevalent sex-selective
abortion, sex ratio has been rising in China since 1980s. I estimate the effect of sex ratio by using
data from China Family Panel Studies and the Chinese Census 2000. To deal with endogeneity
of sex ratio, I exploit exogenous variation of policy change across provinces and birth cohorts
as a difference-in-difference approach. From 1980s to 2000s, 20 out of 31 Chinese provinces
implement the one-and-a-half-children policy as a major relaxation of the one-child policy. Rural
couples are allowed to have a second child if the first child is a girl, but can have only one child if
the first is a boy. This gender-imbalanced policy change gives parents higher incentive to have boys
and conduct sex-selective abortions at higher order births, thus exacerbating the male-biased sex
ratio. Local sex ratio increases by 4-5 points by the 1.5-children policy. To account for censoring
of search duration, I apply the difference-in-difference approach with mixture proportional hazard
models. The main finding is that a high sex ratio delays the timing of entering the first marriage
for both males and females. The fact that females also delay marriage can be explained by a higher
reservation wage/ utility of marriage in response to scarcity of females.

3

Chapter 2
Language Skills and Labor Market
Performance of Immigrants in the
Netherlands
Abstract
Many immigrants in the Netherlands have poor Dutch language skills. They face problems in
speaking and reading Dutch. Our paper investigates how these problems affect their labor market
performance in terms of employment, hours of work and wages. We find that for female immigrants language problems have significantly negative effects on hourly wages but not on employment
probability and hours of work. For male immigrants language problems do not affect employment
probability, hours of work or hourly wages.

Keywords: Language Skills, Immigrants, Labor market Performance
JEL code: J24, J15

0This paper is jointly written with Jan C. van Ours, published on Labour Economics, 2015 Issue 34, Page 76-85.
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2.1

Introduction

Language skills are considered to be extremely important for the social and economic integration of
immigrants. Proficiency in the host language may have positive effects on immigrants’ job search
and their labor productivity at the workplace. Therefore, lack of language skills can be a severe
obstacle to career success. Quite a few empirical studies investigate the effects of language skills
on labor market performance of male immigrants with a focus on their earnings. Summarizing
previous studies Chiswick and Miller (2014) concludes that language proficiency can increase
earnings of adult male immigrants in the range from 5% to 35%.
Empirical studies are predominantly about language effects on earnings of male immigrants.1
They cover a range of languages, such as English in the UK (Dustmann and Fabbri, 2003; Miranda
and Zhu, 2013a,b), the US (Bleakley and Chin, 2004) and Australia (Chiswick and Miller, 1995),
German in Germany (Dustmann, 1994; Dustmann and van Soest, 2001, 2002), Hebrew in Israel
(Chiswick, 1998) and Spanish and Catalan in Spain (Budría and Swedberg, 2012; Di Paolo and
Raymond, 2012). Studies about language effects on labor market performance have to deal with
several threats to identification. Biases could come from three sources. First, language skills and
labor market performance may be correlated through unobserved characteristics, which may lead to
an upward bias in the estimated effects of language skills. Second, the experience of employment
could reversely cause the improvement in language skills. Third, self-reported language measures
from survey data may be subject to measurement errors that lead to an underestimation of the
language effects. Most empirical studies rely on an instrumental variables (IV) approach to account
for these potential sources of bias. Instrumental variables which are frequently used include age at
arrival in host countries, minority concentration in the area where the immigrant lives, linguistic
distance between the immigrant’s mother tongue and the language of the host country, language
1Bleakley and Chin (2004), Dustmann and Fabbri (2003) and Di Paolo and Raymond (2012) have female immigrants
in their sample but they do not analyze language effects separately for males and females. Dustmann and van Soest
(2002) study wage effects of language skills for women but they have difficulties in finding suitable instrumental
variables for female language skills. Miranda and Zhu (2013a) study the immigrant-native wage gap for female
employees in the UK with a focus on sample selection bias.
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spoken at home, number of children, overseas marriage and parental education.2 IV parameter
estimates are usually larger than OLS parameter estimates, which indicates that the potential upward
bias from unobserved heterogeneity and reverse causality is dominated by the downward bias from
measurement errors (Bleakley and Chin, 2004; Dustmann and Fabbri, 2003; Dustmann and van
Soest, 2002).
Our study focuses on language skills and labor market performance of immigrants in the
Netherlands. Here, the labor market position of immigrants is weak, as it is in many European
countries (Boeri and van Ours, 2013). Employment rate of immigrants is lower and unemployment
rate is higher than those of native workers. Immigrants in the Netherlands are predominantly from
the former Dutch colonies and from Turkey and Morocco (see Van Ours and Veenman (2005) for
an overview of recent immigration history). Many immigrants in the Netherlands have poor Dutch
language skills and face problems in speaking and reading Dutch. We study how these Dutch
language problems affect their labor market performance in terms of employment, hours of work
and wage.
To account for potential endogeneity problems, we use an instrumental variables approach
based on the interaction of two variables: the language spoken during childhood and age at arrival
in the Netherlands. The first variable is a dummy for whether one grew up speaking Dutch or other
languages.3 Speaking other languages during childhood is associated with a worse command of
Dutch at adulthood. The second variable is age at arrival in the host country, a well-established
determinant of language skills of immigrants in earlier studies by Bleakley and Chin (2004, 2010)
and Miranda and Zhu (2013b). Children who are exposed to a new language early are likely to have
good language skills at adulthood. Immigrants arriving at a later age have much more problems
2According to Dustmann and van Soest (2002) parental education can serve as an instrument variable for language
skills of children. The problem with this instrument is that parental education is correlated with family networks which
can benefit children’s labor market performance. In this sense, parental education may have a direct effect on children’s
earnings and thus it is not a valid instrument. However, as Dustmann and van Soest (2002) argue immigrant parents
do not have much access to these family networks. Therefore, it is likely that parental educational attainment does not
have a direct effect on children’s earnings.
3The reason why many immigrants spoke Dutch at childhood is that they may come from former Dutch colonies.
Based on our sample, 12% of Dutch speakers at childhood originate from Turkey/Morocco, 49% from former Dutch
colonies, 11% from other non-western countries and 28% from other western countries.
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in obtaining language skills (Sweetman and van Ours, 2014). We use the interaction of the two
variables because age at arrival only affects language skills of immigrants who spoke non-Dutch
languages during childhood. As we discuss in more detail below, our identifying assumption is
that the non-language effects of age at arrival on labor market performance are the same for two
types of immigrants, those who spoke Dutch during childhood and those who did not. Our main
findings are language problems for male immigrants have no significant effect on their labor market
performance. Language problems for female immigrants have a significant negative effect on their
hourly wages but do not affect their employment and hours of work.

Our contribution to the literature is threefold. First, we extend the existing literature by not only
considering the language effects on earnings, but also on employment and hours of work. This
provides a deeper understanding of the language effects on labor market performance. Second,
whereas most previous studies are only on males, we examine possible heterogeneous effects
between males and females. This is important because the labor market is different for males and
females in terms of employment, wages and working time. Therefore, the mechanism through which
language skills affect labor market performance may be gender-specific. Third, it is interesting to
study the effects of a small language in a small country. Dutch is the official language of only
a few countries including the Netherlands, Belgium and Suriname covering a population of 28
million worldwide. Within the Netherlands almost 90% population claim to be able to converse in
English (European Commission, 2005). Since for immigrants English is an option to communicate
to Dutch natives, it is of particular interest to investigate to what extent Dutch language skills still
matter in terms of immigrants’ labor market performance.

Our paper is set up as follows. Section 2.2 summarizes previous studies on the topic. Section
2.3 discusses our data and presents some stylized facts. Section 2.4 presents the set-up of our
analysis and discusses our parameter estimates. Section 2.5 confirms the robustness of our main
findings through an extensive sensitivity analysis. Section 2.6 concludes.
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2.2

Literature Review

Table 2.1 presents an overview of previous studies on language skills and labor market performance.
In an early study, Dustmann (1994) uses data on immigrants in Germany and finds a positive
correlation between speaking and writing proficiency and earnings. Chiswick and Miller (1995)
are the first to use an IV approach to account for potential endogeneity of English fluency finding
that the language premium on male immigrants’ earnings is more than 20%. Similarly, Chiswick
(1998) relies on an IV approach finding that using Hebrew as the primary language increases
male immigrants’ earnings in Israel by 35%. Among later studies, age at arrival in host countries
is a commonly used instrument for language skills. Bleakley and Chin (2004, 2010) instrument
language skills by the interaction of a dummy for arriving in the US before age 11 and a dummy
for being born in a non-English speaking countries. Their approach is based on the assumption
that non-language effects of age at arrival are the same irrespective of country of origin. They
find that English proficiency increases earnings of children immigrants by 33%. Motivated by this
identification strategy, Miranda and Zhu (2013b) study the language effects on immigrant-native
wage gap in the UK by including male immigrants and male natives in one sample. Budría and
Swedberg (2012) and Di Paolo and Raymond (2012) use age at arrival together with other exogenous
variables as instruments and find positive effects of Spanish proficiency and Catalan proficiency on
earnings in Spain.
There are also a few studies on the effect of language skills but with a focus on measurement
errors. Dustmann and van Soest (2001, 2002) distinguish two types of measurement errors related
to the self-reporting of language skills. First, there are unsystematic measurement errors which are
independent over time. Second, there are time-persistent measurement errors because individuals
underestimate or overestimate their language skills. Both types of errors lead to an underestimation
of the effect of language skills on labor market outcomes. The two papers rely on father’s education
as an exogenous variable in identification and find modest return of German skills on immigrants’
earnings. Dustmann and Fabbri (2003) deal with unobserved heterogeneity by using a propensity
9

matching estimator and use instruments to account for measurement errors. They find that English
skills increase both employment and earnings of immigrants. All in all, the parameter estimates
obtained from the IV approach are usually larger than OLS parameter estimates, which indicates
that upward biases from other sources of endogeneity are dominated by the downward bias from
measurement errors (Bleakley and Chin, 2004; Dustmann and Fabbri, 2003; Dustmann and van
Soest, 2002).

2.3
2.3.1

Language Skills and Labor Market Performance
Our Data

Our dataset is from the Longitudinal Internet Studies for the Social sciences (LISS) panel survey in
the Netherlands. Background variables are collected monthly while there are also annual surveys
on specific topics. The reference population of the LISS Panel is the Dutch speaking population
permanently residing in the Netherlands.4 We use the available 7 waves of panel data from 2008
to 2014 and focus on three indicators of labor market performance: employment, hours of work
and hourly wages. An individual is considered to be employed if he or she has any type of paid
work, including family business and self-employment. Respondents also report their average hours
of work per week and monthly gross earnings from which we calculate hourly wages.
As all existing literature on language effects, we rely on self-reported information. Respondents indicate language skills by answering two questions (translated in English): When having
conversations in Dutch, do you ever have trouble speaking the Dutch language? and When reading
newspapers, letters or brochures, do you ever have trouble understanding the Dutch language?
Respondents can choose answers from Often, Sometimes and Never.5 The indicator for language
problems is defined as a dummy variable which equals 1 if the individual has problems in either
4Households in which no adult is able to understand survey questions in Dutch are excluded. Therefore, our analysis
is representative for those who have sufficient knowledge of Dutch to answer the survey questions.
5A recent study by Bloemen (2013) also refers to the two questions for language skills. Bloemen (2013) investigates
how skills in Dutch affect job match and job satisfaction for immigrants rather than labor market performance.
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speaking or reading, and 0 if the individual has no problem at all.
The background variables include age, gender, level of education, number of children living at
home, whether one is living with a partner, whether one is living in an urbanized area and country
of origin. Our baseline estimates are for first-generation immigrants, who were born outside the
Netherlands by two parents both born outside the country. In a sensitivity analysis we study secondgeneration immigrants who were born in the Netherlands by at least one parent born outside the
country. Since we study the language effects on labor market performance we restrict the sample
to individuals at working age, i.e. from 15 to 64 years old. After deleting missing observations, we
obtain a dataset consisting of 1831 observations of 435 individuals.

2.3.2

Summary Statistics

Table 2.2 gives an overview of the characteristics of our sample split-up in four groups according
to gender and the presence of language problems. For both males and females the problem with
speaking Dutch is the main reason for having language problems, although many immigrants have
a problem with reading as well.6 Some characteristics of the four groups are very similar such as
age, number of children and living in an urbanized area. But other background characteristics are
very different. Males and females with language problems on average have a lower education, are
less likely to come from a former Dutch colony and have a higher probability of being married
and living with a partner. Moreover, as for the instrumental variable, immigrants with language
problems generally arrive in the Netherlands 10 years later. They also have a lower probability by
30 to 40 percentage points to have spoken Dutch during childhood.
In terms of labor market performance there are clear differences among the four groups.
Compared with male immigrants, females in general have a lower probability of being employed,
work for fewer hours per week and have lower hourly wages. Females with language problems have
a lower employment probability by almost 10 percentage points, less working time by 3 hours per
6We could make a distinction between speaking problem and reading problem, but the overlap between the two
groups is very large. So it makes little sense to estimate the effects of each problem separately.
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week, and lower hourly wages by almost 2 euro. For male immigrants there is hardly any difference
in labor market performance by the presence of language problems. The employment probability
and hours of work are almost the same. Only in terms of hourly wages there is a gap of 2.7 Euro if
one has language problems.

2.3.3

Stylized Facts

Figure 2.1 shows kernel density plots of weekly hours of work for female immigrants and male
immigrants by the presence of language problems. For female immigrants there is a clear relationship between language problems and hours of work. Female immigrants with language problems
are more likely to work part-time than female immigrants without language problems. Among
male immigrants there are no big differences. Work is much more concentrated on 40 hours per
week. Most men have a full-time job regardless of language skills. Similarly, Figure 2.2 shows
kernel density plots of (log) hourly wages by the presence of language problems. Immigrants with
language problems have lower average hourly wages than immigrants without language problems.
This is true for both males and females, but the gap is larger for females than males.
In Figure 2.3, we compare the pattern of age at immigration for females and males. We do not
find much difference by gender. It is sometimes argued that females arrive later in host countries
as a consequence of family reunion or family formation whereas males mainly immigrate for work
or education.7 We have no information on the reason for immigration, but Figure 2.3 suggests that
immigration patterns of females and males are very much alike.
In Figure 2.4 we illustrate the relationship between language problems and age at arrival. We
distinguish between immigrants who spoke Dutch at childhood and those who did not do so. For
the first group the probability of having language problems at adulthood hardly increases with age
at arrival before the age of 25 years old. But the probability sharply increases with age at arrival
for immigrants who did not speak Dutch during childhood. Taking advantage of the differences in
7Dustmann and van Soest (2002) argue that the mechanism through which females acquire language skills is
different from males. Females may often have entered a country as a dependent family member.
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age-at-arrival effects on language skills between the two groups, we instrument language problems
by the interaction of age at arrival and a dummy for whether one grew up speaking Dutch.

2.4

Empirical Analysis

2.4.1

Set-up of the Analysis

We start our analysis with OLS estimates assuming that measurement errors are absent and language
problems are exogenous to labor market performance:
Yit = Xit β + γLit + δt + εit

(2.1)

where Yit denotes an indicator for labor market performance. The first indicator is a dummy variable
for whether an individual is employed or non-employed, i.e. unemployed or out of the labor force.
The second indicator is the natural logarithm of hours of work conditional on being employed. The
third indicator is the natural logarithm of hourly wages conditional on being employed. Furthermore,
Xit refers to time-varying background characteristics, including age, number of children at home,
living with a partner and living in an urbanized area, and time-invariant variables such as education
and country of origin fixed effects. Lit refers to the dummy variable for language problems and δt
represents calendar year fixed effects. Finally, β is a vector of parameters, γ is the parameter of
main interest representing the effect of language problems on labor market performance and εit is
the error term. To account for multiple observations per individual we cluster the standard errors
at the level of individual.
The assumptions of exogeneity of language problems and absence of measurement errors underlying the OLS estimates may lead to biased parameter estimates. Firstly, unobserved heterogeneity
may be correlated with both labor market performance and language skills. For instance, more
motivated immigrants will make a greater effort to learn Dutch and at the same time they are more
likely to be employed and have higher earnings. Secondly, labor market performance reversely
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contributes to the proficiency in Dutch, since immigrant employees have more intense interaction
with local society and are more likely to afford Dutch training courses. Thirdly, all indicators about
language problems are self-reported and suffer from measurement errors. Unobserved heterogeneity and reverse causality lead to an upward bias in the parameter estimate of the language effects
while measurement errors lead to a downward bias.
To correct for these potential biases, we use an instrumental variable approach similar to
Bleakley and Chin (2004, 2010). In the baseline estimates to explain language problems Lit , we
use one instrumental variable defined as the interaction between age at arrival Ai and a dummy
variable Si indicating whether or not an immigrant spoke Dutch during childhood:
Lit = Xit β1 + θSi × Ai + δ1t + ε1it

(2.2)

As before, the δ’s are calendar year fixed effects, β1 is a vector of parameters, θ is a parameter and
ε1it is an error term. According to Figure 2.4, age at arrival has strong effects on language problems
only for immigrants who spoke non-Dutch languages during childhood. So we instrument Lit by
Si × Ai , the interaction of age at arrival and a dummy for growing up speaking other languages.
The validity of our instrument requires that non-language age-at-arrival effects on labor market
performance are the same for two types of immigrants: those who spoke Dutch during childhood
and those who did not. However, there is a possible violation of the assumption when two types of
immigrants experience different assimilation trajectories. We add country of birth fixed effects to
control for some non-language channels, but it is possible that immigrants who arrive at an earlier
age assimilate faster and less costly than their counterparts from the same country who arrive
later. For example, age at arrival has an association with intermarriage which can be viewed as
a non-language determinant of earnings. Aslund et al. (2009) find that immigrants who arrive in
Sweden at a later age are more likely to have an immigrant spouse. There are also findings that
immigrants with a native spouse have higher earnings (Meng and Gregory, 2005; Meng and Meurs,
2009). The studies interpret this “intermarriage premium" as a reward for economic assimilation.
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To investigate the robustness of our findings with respect to the assumption on age at arrival
we perform two types of sensitivity analysis. First, we introduce age at arrival as an additional
instrument. This allows for age-at-arrival effects on the language channel for immigrants who
spoke Dutch during their childhood. Second, we introduce age at arrival as a right-hand side
control variable in the labor market performance equations. So we take into account that age at
arrival can affect labor market performance directly through non-language channels.

2.4.2

Parameter Estimates

Table 2.3 shows the OLS parameter estimates for the effect of language problems on different
labor market outcomes. Not many of the relevant language problems parameters are significantly
different from zero. Having language problems reduces the probability of being employed for
female immigrants by 12.5 percentage points and reduces the hourly wages for male immigrants by
13.8%. But language problems are not associated with other labor market performance indicators.
Most of the parameter estimates on control variables are not statistically significant from zero but
some are. Age affects employment probability positively before 42-43 years old but negatively after
the turning point for both males and females. Higher education generally has positive effects on the
probability of being employed and earning higher hourly wages. Having more children at home is
associated with a lower probability of employment for females. Compared with immigrants born
in western countries, female immigrants from Turkey and Morocco work for fewer hours and male
immigrants from the two countries have a lower employment probability. Finally, male immigrants
from other non-western countries have lower hourly wages and fewer hours of work than immigrants
from western countries.
The first two columns of Table 2.4 report the determinants of language problems for females
and males as the first stage of the 2SLS estimation. The instrumental variable has a strongly
significant effect on language problems. Arriving in the Netherlands one year later would increase
the probability of having language problems by 1.8% for female immigrants who grew up speaking a
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different language from Dutch. The effect of the instrumental variable on language problems is very
similar for male immigrants. Compared with the lowest level of education, intermediate secondary
education or higher strongly decreases the probability of having Dutch language problems. Female
immigrants from Turkey/Morocco, Antilles/Suriname/Indonesia, and other non-western countries
are more likely to have language problems than female immigrants from western countries. Male
immigrants from Turkey or Morocco also have significant disadvantage in Dutch proficiency.
Having more children at home improves Dutch proficiency, because parents can benefit from
children attending local schools. Age, living with a partner and living in an urbanized area are not
associated with Dutch language skills.
Columns (3) to (8) of Table 2.4 provide 2SLS parameter estimates and related test statistics.8
The first test-statistic is the F-test on the relevance of the instrumental variable. Estimates can be
biased with weak instruments. As a rule of thumb an F-statistic exceeding 10 is thought to be
in the “safe zone" (Angrist and Pischke, 2009). Second, we perform a Durbin-Wu-Hausman test
for endogeneity of language problems. When the F-statistic is significantly different from 0, the
language indicator is assumed to be endogenous.
According to Table 2.4 the parameter estimates on the control variables are very similar as
in Table 2.3. Language problems have significantly negative effect on hourly wages for female
immigrants by about 48%, but no effect on female immigrants’ hours of work. Female immigrants’
employment is also lower in the presence of language problems by about 22 percentage points,
but the effect is not significant at a significance level of 10% with a t-statistic of 1.64. For
male immigrants, none of the labor market indicators are significantly affected. Male immigrants
with language problems on average earn about 9% less than male immigrants without language
problems. In all estimates the F-statistics for the instrumental variable are very high indicating
that our estimates do not suffer from weak instruments. The endogeneity test statistic is significant
only for the log hourly wages of female immigrants, which indicates that in other regressions
we cannot reject the hypothesis that the language problem indicator is exogenous to the labor
8These estimates are obtained through the ivreg2-routine in STATA.
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market performance indicator. Comparing Table 2.4 with Table 2.3, we find that in females’ wage
regression our 2SLS parameter estimate on language effects are most often larger than the OLS
parameter estimate. This suggests that the downward bias from measurement errors dominates the
potential upward biases from other sources of endogeneity.

2.5

Sensitivity Analysis

In this section, we present several sensitivity checks to investigate the robustness of our findings.
Up to now we instrument language problems using only one instrumental variable defined as the
interaction between age at arrival and a dummy variable indicating whether or not an immigrant
spoke Dutch. This implies that only for immigrants who grew up speaking non-Dutch languages
there is an age-at-arrival effect on language problems. However, we cannot rule out that arriving
early in the Netherlands also contributes to language proficiency for immigrants who spoke Dutch
during their childhood (see Figure 2.4). In a first sensitivity check we add age at arrival as
an additional instrumental variable. Although we have to further assume that age at arrival
does not affect labor market through other channels than language, it is possible to test whether
two instruments are exogenous to the error terms.9 Panel a of Table 2.5 shows the language
skills parameter estimates by using two instruments. They are similar in size to the baseline
estimates presented in Table 2.4. Language problems reduce hourly wages by 41% and employment
probability by 20 percentage points for female immigrants at 10% level, while there is no language
effect on male immigrants’ labor market performance. The Hansen J-statistics indicate that in
all regressions except for the language effect on males’ employment, we cannot reject the null
hypothesis that both instruments are exogenous to labor outcomes. Therefore, adding an additional
instrument yields robust and consistent coefficients.
Panel b of Table 2.5 shows the relevant parameter estimates when we include age at arrival
9We use Hansen J-test for overidentifying restrictions. The Hansen J-statistic follows a χ2 -distribution with one
degree of freedom.
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not as an instrumental variable but as an exogenous right-hand side variable in the labor market
performance equations. This is to control the direct effects of age at arrival on labor market
performance independent of channels through language skills, still maintaining the assumption that
the direct non-language effects are the same between two types of immigrants. The parameter
estimates of language problems are affected by this, but our findings do not change substantially.
Language problems only have a significant negative effect on the hourly wages of female immigrants,
and the estimate is not statistically different from the baseline estimate. Except for hourly wages
of female immigrants the main parameter estimates are similar with Table 2.4 by including age at
arrival as a right-hand side variable. So it seems that the effect of age at arrival on labor outcomes
is rather limited through other channels than language problems.
In the following sensitivity check we restrict to the prime-aged sample from 25 to 54 years
old, since they are more relevant to policy analysis of labor market outcomes. The findings are
very much the same. Language problems have significantly negative effects on female immigrants’
hourly wages by 56%, which means that language effects are stronger on prime-aged female
immigrants. And again there are no significant effects for male immigrants.
In the last sensitivity check we introduce second-generation (SG) immigrants in the analysis.
They have a better labor market position than first-generation (FG) immigrants in the sense that they
were educated in the same system as native Dutch and have less language problems. By including
the SG immigrants dummy we can separate the language effect from the effects of immigrant status.

Yit = Xit β + θFGi + γFGi × Lit + δt + εit

(2.3)

In the equation we include a dummy for FG immigrant status FGi and its interaction with language
problems, FGi × Lit . We do not include the language variable Lit as a separate variable because
only as few as 12% SG immigrants have language problems and we can treat all SG immigrants
as the reference group. So we have only one endogenous variable FGi × Lit , and its coefficient γ
18

measures the effects of language problems on FG immigrants compared with the reference group.
The OLS parameter estimates show that female FG immigrants without language problems have a
lower employment probability by 8 percentage points than SG female immigrants, while language
problems are associated with an additional decrease of 12 percentage points. We also use the
baseline instrumental variable for FGi × Lit and find that FG immigrant status has no significant
effect on labor market performance under all regressions. The effects of language problems on
FG immigrants are very similar to what we find in the baseline. Therefore, we conclude that it
is language problems, rather than first-generation immigrant status that explains the gap in labor
market performance between two types of immigrants.
In an unreported sensitivity analysis, we estimated the effects of language performance on other
labor market performance indicators. First, we excluded the immigrants who do not participate in
labor force to calculate the employment probability conditional on being active in labor market.
The 2SLS parameters of the language effects are very similar to Column (3) and (4) in Table 2.4.
Language problems significantly lower females’ employment by 29 percentage points, but do not
affect males’ employment. We also used the natural logarithm of gross monthly earnings as a
substitute for hourly wages, finding very similar parameter estimates.
In a further unreported sensitivity analysis, we investigated whether there is a sample selection
bias. Information on earnings and hours of work is only available for the employed individuals who
are willing to report. It could be that unobserved characteristics affect employment and hours of
work/hourly wages at the same time. For example, immigrants with better language skills may be
self-selected into employment and reporting hourly wages at the same time they earn higher wages.
However, we find no evidence of a sample selection bias.10
10We first ran a probit regression on the selection indicator which equals to 1 if hours of work/hourly wages
information is available. The exogenous variables that determines selection but does not appear in wage equation are
religion dummies, marital status dummies, female-male ratio of labor participation and female-male ratio of tertiary
education in the country of birth during the decade of immigration. The last two variables are calculated based on
data from World Bank, motivated by Miranda and Zhu (2013a). Theses variables can measure the tradition and values
on labor division of gender, but not influence labor market in the Netherlands. Although we cannot rule out that
the excluded variables have direct effects on earnings, this seems unlikely to be the case. Then we use the inverse
Mill’s ratio obtained from the probit regression as an exogenous variable in the 2SLS estimation (Wooldridge, 2002).
The excluded variables in the first stage are jointly significant, but the inverse Mill’s ratio does not play a role in
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2.6

Conclusions

We analyze the recent labor market performance of immigrants in the Netherlands focusing on
their Dutch language problems, i.e. problems to read or speak Dutch. We find that female
immigrants with language problems have substantial lower wages by 48% than female immigrants
with similar personal characteristics but without language problems. Language problems have no
effects on employment and working time. For male immigrants Dutch language skills seem to be
less important. Male immigrants with language problems have the same employment probability
and hours of work as male immigrants without language problems. And the hourly wages of male
immigrants with language problems are not significantly different from male immigrants without
language problems.
Our main conclusions from the analysis are threefold. Firstly, we find heterogeneous language
skills effects by gender. It may be that female immigrants are more affected by language problems
than male immigrants because female labor supply is more sensitive to human capital. Females
with worse language skills are more likely to stay unemployed or if they enter the labor market they
do not to qualify for well-paid jobs. Males have no choice but to seek better jobs as they are often the
breadwinners of the family no matter of whether or not they have a good command of Dutch. It could
also be that gender differences are related to the type of jobs that men and women occupy. Females
are more likely to conduct non-manual work and have a job in industries where language proficiency
is important. Males, however, conduct manual work and work in industries where communication
in Dutch is not very important. In our sample of employed workers about 80% of the female
immigrants and 55% of the male immigrants are doing non-manual work. Similarly, almost 80%
of the female immigrants and roughly half of the male immigrants are working in industries which
require language skills, such as business services, public administration, education, health care and
so on. Secondly, comparing our findings with previous studies, the magnitude of effects of Dutch
the 2SLS estimation. The corrected 2SLS estimates for the language effects on hours of work and hourly wages are
not statistically different from our baseline. Miranda and Zhu (2013a) address the sample selection issue for female
immigrants by using a 3-step selection model and also find that the corrected estimates do not differ from the 2SLS
estimates too much.
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language skills on earnings are smaller than the world-wide spoken languages, such as English
and Spanish. We find that Dutch language skills have no significant effect on males’ labor market
performance, in contrast to previous papers where language skills have positive effects on male
immigrants’ earnings up to more than 30%. This provides some evidence that immigrants with
limited skills in regional European languages are not disadvantaged. A speculative interpretation
is that this may have to do with English language proficiency which is widely present among the
Dutch population. This makes communication between natives and English speaking immigrants
easier. We cannot test this because we do not have information on English proficiency. However,
English seems to be an alternative to Dutch for immigrants in the labor market. Lastly, to the extent
that immigrants are negatively affected by lack of language skills, this is indeed related to these
skills and not to their immigrant status.
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Table 2.1: Previous studies on language skills and labor market performance
Reference

Topic and Country

Type of data

Identification Method

Dustmann
(1994)

Effect of German
proficiency on earnings in Germany

Cross-sectional
of immigrants
GSOEP survey

Chiswick
and Miller
(1995)

Effect of English
fluency on earning
in Australia

Cross-sectional data of
male immigrants from
1981 and 1986 Census
of Australia

Chiswick
(1998)

Effect of Hebrew
usage on earnings in
Israel

Cross-sectional data of
male immigrants from
1983 Israel Census

Dustmann
and
van
Soest
(2001)

Effect of German
fluency on earnings
in Germany

Panel data of male immigrants from GSOEP
survey

Dustmann
and
van
Soest
(2002)

Effect of German
skills on earnings in
Germany

Panel data of immigrants from GSOEP
survey

2SLS; IVs are a dummy for overseas
marriage, number and age of children, and minority concentration measure; check selection bias of entering
language-fluent labor market
2SLS; IVs are a dummy for married
prior to immigration to current spouse,
a dummy for living with children, and
minority concentration measure
Ordered probit; simultaneous equations
for mis-specification error; random effects for unobserved heterogeneity; father’s education as an exogenous variable
matching type OLS estimation and
2SLS estimation with IVs; IVs are leads
and lags of language skills and father’s
education

Dustmann
and Fabbri
(2003)

Effect of English
skills on employment
probability
and earning in UK

Cross-section
data
of immigrants from
FNSEM and FWLS
survey

Propensity score estimator with IVs ethnic minority concentration and number
of children

Bleakley
and Chin
(2004)

Effect of English
proficiency on earning in US

Cross-sectional data of
child immigrants from
US Census 2000

2SLS; IV is (0, age at arrival - 11)× a
dummy for born in non-English speaking countries

Bleakley
and Chin
(2010)

Effect of English
proficiency on social assimilation in
US

Cross-sectional data of
child immigrants from
US Census 2000

2SLS; IV is (0, age at arrival - 9)× a
dummy for born in non-English speaking countries

Budría and
Swedberg
(2012)

Effect of Spanish
proficiency on earning in Spain

Cross-sectional data of
male immigrants from
ENI survey

Di Paolo
and Raymond
(2012)

Effect of Catalan
proficiency on earnings in Spain

Cross-sectional
data
of immigrants from
EHCV06 survey

Miranda
and
Zhu
(2013a)

Effect of English
deficiency on wage
gap in UK

Cross-sectional
data
of female immigrants
from UKHLS

Miranda
and
Zhu
(2013b)

Effect of English
deficiency on wage
gap in UK

Cross-sectional
of immigrants
UKHLS

2SLS; IVs are dummies for arriving in
Spain before 10, having a child who is
proficient in Spanish and planning to
stay in Spain for next 5 years
2SLS and endogenous switching model;
IVs dummies arriving before age 11, >
100 books at home, reading frequently,
speaking Catalan at home, watching
Catalan news and reading Catalan newspapers, neighborhood % speaking Catalan
2SLS and a three-step estimator for sample selection; IV is (0, age at arrival 9)× a dummy for born in non-English
speaking countries
2SLS; IV is (0, age at arrival - 9)× a
dummy for born in non-English speaking countries

data
from

data
from
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OLS with Heckman selection method

Results
Speaking proficiency in German on earnings: 7% for
men and women; writing proficiency: 7% for men and 15%
for women.
English fluency on earning:
OLS 5%, 2SLS 24% insignificant
Hebrew as a primary language
on earning: OLS 11%, 2SLS
35%
German fluency on earning:
0.9-7.3%
Speaking fluency in German on
earnings: OLS 5% for men and
4% for women, IV 14% for
mean and 12% for women
English speaking on employment:
OLS 17%, propensity matching 10%, propensity
matching with IV 22%; English speaking on earning: OLS
18%, propensity matching 28%,
propensity matching with IV
36%
English proficiency on earning:
OLS 22%, 2SLS 33%
Immigrants with better English
proficiency have more education, higher earnings, higher
chance of intermarriage, fewer
children and higher chance of
living in ethnic enclaves.
Spanish proficiency on earning:
OLS 5%, 2SLS 27%

Catalan proficiency on earnings: OLS 8%, endogenous
switching model 18%
Speaking English as an additional language on wage: OLS
-19%, 2SLS -28%, 3-step -25%
Speaking English as an additional language on wage: OLS,
-16%, 2SLS, -23% or -25%

Table 2.2: Sample characteristics by gender and language problems

Any language problems
Speaking problems (%)
Reading problems (%)
Personal characteristics
Age
Education (%)
Primary education
Lower secondary education
Intermediate secondary education
Higher education
Number of children at home
Living with a partner (%)
Living in urbanized areas (%)
Marital status (%)
Married
Divorced/Separated
Widowed
Single
Country of origin (%)
Turkey, Morocco
Antilles, Suriname, Indonesia
Other non-western countries
Other western countries
Age at arrival
Spoken Dutch during childhood (%)
N
n
Labor market Indicators
Employment probability (%)
N
Hours of work per week
N
Hourly wages (Euro)
N

Females
No Yes

Males
No Yes

– 91.1
– 77.4

– 91.7
– 76.4

42.9

42.5

45.0

44.2

7.1
19.7
38.0
35.1
1.3
67.8
58.7

15.0
18.8
34.3
31.9
1.2
73.3
55.8

8.0
21.4
41.4
29.3
1.1
70.5
59.8

20.3
21.5
29.2
28.9
1.3
72.6
61.1

52.3 68.7 58.9 69.0
11.7 9.3 14.3 12.7
2.2 6.1 0.0 1.8
33.8 15.8 26.8 16.5
12.2 23.0 16.1 24.7
34.2 18.0 32.7 14.2
11.9 24.0 13.9 31.9
41.7 35.0 37.3 29.2
14.9 24.6 15.0 24.4
58.3 22.2 65.0 23.9
547 505 440 339
148 156 126 105
54.3 44.4 74.8 73.5
547 505 440 339
31.9 28.6 38.8 37.8
226 160 253 196
17.0 15.0 19.8 17.1
206 146 235 172

Note: The level of education dummy variables are based on Statistics Netherlands categories: primary education, lower
secondary education (VMBO), intermediate secondary education (HAVO/VWO/MBO), university or higher education
(HBO/WO). In an urbanized area population density is above 1500 inhabitants per squared kilometer. N is the number
of observations; n is the number of individuals.
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Table 2.3: OLS parameter estimates

Variables
Language problems
Age
Age squared/100
Lower secondary
education
Intermediate secondary
education
Higher education
Number of children at home
Living with a partner
Living in an urbanized area
Turkey, Morocco
Antilles, Suriname
and Indonesia
Other non-western countries
Observations

Employment
Females
Males
(1)
(2)

Log hours of work
Females
Males
(3)
(4)

Log hourly wages
Females
Males
(5)
(6)

-0.125**
(0.055)
0.080***
(0.014)
-0.095***
(0.018)
0.010
(0.108)
0.093
(0.094)
0.171*
(0.102)
-0.049*
(0.025)
0.097
(0.061)
-0.014
(0.059)
0.078
(0.091)
0.082
(0.080)
-0.004
(0.083)

0.018
(0.050)
0.118***
(0.015)
-0.137***
(0.018)
0.072
(0.113)
0.185*
(0.095)
0.146
(0.107)
0.012
(0.023)
0.097
(0.069)
-0.097*
(0.050)
-0.165**
(0.077)
0.016
(0.073)
-0.085
(0.077)

-0.121
(0.088)
0.001
(0.037)
-0.012
(0.043)
-0.305*
(0.174)
-0.075
(0.133)
-0.032
(0.132)
0.040
(0.055)
-0.120
(0.081)
0.064
(0.078)
-0.294**
(0.117)
0.139
(0.101)
0.077
(0.114)

-0.006
(0.039)
0.027
(0.026)
-0.027
(0.027)
0.012
(0.103)
-0.020
(0.099)
-0.042
(0.124)
0.015
(0.027)
0.077
(0.060)
-0.020
(0.052)
-0.017
(0.052)
0.056
(0.054)
-0.170**
(0.085)

-0.079
(0.077)
0.010
(0.034)
0.001
(0.040)
-0.023
(0.133)
0.038
(0.122)
0.264**
(0.117)
0.027
(0.044)
-0.067
(0.078)
0.077
(0.070)
0.062
(0.131)
0.068
(0.083)
-0.053
(0.115)

-0.138*
(0.072)
0.039
(0.037)
-0.034
(0.042)
-0.032
(0.129)
0.170
(0.114)
0.415***
(0.141)
0.014
(0.049)
0.012
(0.102)
0.154
(0.111)
-0.129
(0.097)
-0.160
(0.132)
-0.274*
(0.145)

1,052

779

386

449

352

407

Note: Language problems are defined as having either speaking or reading problems; clustered standard errors are in
parentheses. All the estimates include year fixed effects. *** p<0.01, ** p<0.05, * p<0.1.
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Table 2.4: 2SLS parameter estimates

Variables
Language problems
Age at arrival × Spoke other
languages during childhood
Age
Age squared/100
Lower secondary
education
Intermediate secondary
education
Higher education
Number of children at home
Living with a partner
Living in an urbanized area
Turkey, Morroco
Antilles, Suriname
and Indonesia
Other non-western countries
Year dummies
Test for Weak Instruments
Endogeneity Test
Observations

Language problems
Females
Males
(1)
(2)
–
0.018***
(0.002)
0.015
(0.015)
-0.025
(0.018)
-0.129
(0.078)
-0.205***
(0.066)
-0.260***
(0.076)
-0.038*
(0.021)
0.026
(0.055)
-0.064
(0.052)
0.226***
(0.076)
0.157**
(0.075)
0.257***
(0.068)

Employment
Females
Males
(3)
(4)

–

-0.221
-0.098
(0.135)
(0.116)
0.019***
–
–
(0.002)
–
–
0.008
0.083*** 0.120***
(0.018)
(0.015)
(0.015)
-0.014
-0.098*** -0.139***
(0.020)
(0.018)
(0.018)
-0.160
-0.009
0.052
(0.107)
(0.113)
(0.118)
-0.234**
0.071
0.150
(0.095)
(0.100)
(0.104)
-0.232**
0.148
0.120
(0.094)
(0.104)
(0.112)
-0.017
-0.053**
0.014
(0.026)
(0.026)
(0.023)
0.017
0.103*
0.094
(0.063)
(0.061)
(0.070)
-0.002
-0.018
-0.096*
(0.053)
(0.058)
(0.049)
0.176**
0.093
-0.149*
(0.083)
(0.091)
(0.077)
0.087
0.073
-0.000
(0.076)
(0.079)
(0.075)
0.093
0.017
-0.057
(0.084)
(0.081)
(0.080)

Log hours of work
Females
Males
(5)
(6)

Log hourly wages
Females
Males
(7)
(8)

-0.062
0.125
-0.479***
-0.094
(0.169)
(0.123)
(0.179)
(0.191)
–
–
–
–
–
–
–
–
0.001
0.023
0.024
0.037
(0.037)
(0.026)
(0.041)
(0.037)
-0.011
-0.022
-0.017
-0.032
(0.043)
(0.028)
(0.049)
(0.042)
-0.301*
0.024
-0.044
-0.027
(0.170)
(0.104)
(0.141)
(0.127)
-0.059
0.025
-0.064
0.186
(0.141)
(0.113)
(0.134)
(0.122)
-0.014
0.001
0.153
0.430***
(0.146)
(0.132)
(0.132)
(0.146)
0.042
0.014
0.006
0.013
(0.054)
(0.027)
(0.047)
(0.047)
-0.126
0.078
-0.035
0.012
(0.080)
(0.062)
(0.095)
(0.099)
0.062
-0.017
0.100
0.154
(0.076)
(0.052)
(0.076)
(0.109)
-0.301***
-0.040
0.146
-0.137
(0.116)
(0.057)
(0.138)
(0.103)
0.148
0.074
0.004
-0.155
(0.095)
(0.059)
(0.099)
(0.127)
0.069
-0.216**
-0.002
-0.289*
(0.118)
(0.102)
(0.129)
(0.160)

Yes

Yes

Yes

Yes

Yes

Yes

Yes

Yes

–
–
1,052

–
–
779

88.2***
0.7
1,052

62.0***
1.4
779

23.5***
0.2
386

33.5***
1.5
449

20.0***
5.7**
352

35.2***
0.1
407

Note: Language problems are defined as having either speaking or reading problems; clustered standard errors are in
parentheses. All the estimates include year fixed effects. *** p<0.01, ** p<0.05, * p<0.1.
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Table 2.5: Sensitivity analysis

Variables

Employment
Females
Males
(1)
(2)

a. Using two instrumental variables
Language Problems
-0.203*
(0.123)
Test for Weak Instruments 70.2***
Endogeneity Test
0.6
Hansen J-statistic
0.1
Observations
1052
b. Age of arrival RHS variable
Language problems
Test for Weak Instruments
Endogeneity test
Observations

-0.295
(0.297)
12.6***
0.4
1052

Log hours of work
Females
Males
(3)
(4)

Log hourly wages
Females
Males
(5)
(6)

-0.011
(0.103)
50.2***
0.1
3.4*
779

-0.053
(0.157)
14.6***
0.3
0.0
386

0.107
(0.106)
25.0***
1.3
0.2
449

-0.411***
(0.158)
12.6***
5.1**
1.1
352

-0.158
(0.191)
23.2***
0.0
1.4
407

-0.313
(0.192)
21.6***
2.8*
779

-0.098
(0.307)
9.4***
0.0
386

0.168 -0.738***
(0.207)
(0.361)
12.8***
7.7***
1.1
3.1*
449
352

0.094
(0.278)
15.7***
0.7
407

0.148 -0.560***
(0.141)
(0.207)
31.7*** 12.5***
1.5
4.8**
358
284

-0.042
(0.154)
25.4***
0.4
328

c. Restricted sample at prime age
Language Problems
-0.231
0.061
-0.085
(0.172)
(0.096) (0.190)
Test for Weak Instruments 46.9*** 47.1*** 15.8***
Endogeneity Test
0.6
0.1
0.0
Observations
761
554
317
d. Pooled sample with second-generation immigrants
OLS:
Language problems×
-0.120*** -0.007 -0.108**
FG immigrant status
(0.029)
(0.028) (0.050)
FG immigrant status
-0.080*** 0.040
0.062
(0.030)
(0.028) (0.048)
2SLS:
Language problems×
-0.241*
-0.121
-0.020
FG immigrant status
(0.135)
(0.121) (0.180)
FG immigrant status
-0.031
0.082
0.028
(0.079)
(0.063) (0.103)
Test for Weak Instruments 78.3*** 70.4*** 21.1***
Endogeneity Test
1.0
1.3
0.3
Observations
2,086
1,612
819

0.006
(0.033)
-0.045
(0.032)

-0.071
(0.047)
-0.056
(0.045)

-0.145***
(0.047)
0.062
(0.047)

0.152
(0.127)
-0.100
(0.078)
35.9***
1.7
876

-0.440**
(0.184)
0.089
(0.103)
19.1***
4.7**
722

-0.153
(0.193)
0.064
(0.085)
37.5***
0.0
776

Note: Language problems are defined as having either speaking or reading problems; absolute t-statistics based on
clustered standard errors in parentheses. All estimates have the same explanatory variables including year fixed
effects as Tables 2.3 and 2.4. *** p<0.01, ** p<0.05, * p<0.1.
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Figure 2.1: Kernel density plots of hours of work
a. Female immigrants

b. Male immigrants
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Figure 2.2: Kernel Density Plots of Log Hourly Wages
a. Female immigrants

b. Male immigrants
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Figure 2.3: Kernel density plots of age at arrival

Figure 2.4: Probability of Having Language Problems and Age at Arrival
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Chapter 3
The Wage Penalty of Dialect-Speaking
Abstract
Our paper studies the effects of dialect-speaking on job characteristics of Dutch workers, in particular on their hourly wages. The unconditional difference in median hourly wage between standard
Dutch speakers and dialect speakers is about 10% for males and 8% for females. If we take into
account differences in personal characteristics, family characteristics and province fixed effects
male dialect speakers earn 4% less while not significant for females. Using the geographic distance
to Amsterdam as an instrumental variable to dialect-speaking as well as propensity score matching
methods, we find consistent results. Our main conclusion is that for male workers there is a significant wage penalty of dialect-speaking while for female workers there is no significant difference.

Keywords: Dialect, Wage Penalty, Job Characteristics
JEL code: J24, I2

0This paper is jointly written with Jan C. van Ours.
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3.1

Introduction

Language skills are an important determinant of labor market performance. Previous studies have
focused on the effect of language proficiency on earnings of male immigrants. Recent examples
are Bleakley and Chin (2004), Miranda and Zhu (2013a), Miranda and Zhu (2013b), Di Paolo and
Raymond (2012) and Yao and van Ours (2015). However, it is not only language proficiency that
affects labor market performance. Also, language speech patterns may be important, i.e. it may
matter whether a worker speaks a standard language or a dialect. Though among linguists there
is no common definition of dialects, a dialect is usually referred to a variation of a language used
by a particular group. A dialect may associate with social class. As for example is apparent from
the “My Fair Lady” lyrics: “Look at her, a prisoner of the gutter, condemned by every syllable she
utters (...). An Englishman’s way of speaking absolutely classifies him. The moment he talks he
makes some other Englishman despise him.”1
To study the effects of speech patterns, Grogger (2011, 2014) uses NLSY data in combination
with audio-information about how individuals speak. In the US labor market, black workers with
a distinct black speech pattern earn less than white workers whereas black workers who do not
sound distinct black earn the same as white workers. There is also wage penalty of perceived
Southern speech pattern. The origin of the effects of speech patterns on wages is not clear. Grogger
(2011) suggests two possible explanations for the effect of speech on earnings. First, non-standard
speech pattern reduces productivity at workplace. Language speech differences among workers
may increase production costs (Lang, 1986). Second, there could be a causal effect working
through discrimination from bigoted employers. According to Das (2013) language and accents
provide information about an individual’s social status. The spoken language may be a source of
discrimination affecting earnings and promotion. In other words, speech is a signal of unobserved
productivity.
In our paper, we refer to a dialect as a regional speech pattern as in most cases. A dialect is a
1From the song “Why can’t the English?”
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variation of the standard language, used in limited regions and different in mainly pronunciation,
and sometimes vocabulary and grammar. Dialects can be acquired without training and play a
role in informal communication, while the standard language is the instruction medium at schools.
Speaking with a local dialect accent may signal lower language ability, limited education and lack
of experience communicating with people from other regions. Moreover, similar speech pattern
can signal cultural affinity. People are more likely to trust those who speak the same dialect and
conduct trade (Falck et al., 2012). It implies that speaking the major languages results in advantage
in economic activities. Although in dialect-speaking areas dialect can be viewed as a separate skill,
the return to dialects is somewhat limited in other areas in the country. Therefore, it is of interest
to explore how dialect speech patterns affect labor market performance and whether it is premium
or penalty in the labor market.
Empirical evidence are provided in a few papers studying regional speech pattern in various
countries. Gao and Smyth (2011) find a significant wage premium associated with fluency in
standard Mandarin for dialect-speaking migrating workers in China. Carlson and McHenry (2006)
presents the results of a small experiment on how speaking dialect affects employment probability.
Bendick Jr. et al. (2010) using an experimental set-up studies the effects of a (mostly) French
accent for white job applicants to New York City restaurants. These accents were considered as
“charming” and they increased the probability of being hired as a waiter or waitress.
Our paper studies the relationship between dialect-speaking and labor market performance,
in particular hourly wages. We study the Netherlands as an example of a country with a lot
of commuting such that the spatial segregation is limited. This is not only because there are
various dialects spoken, but also Dutch natives are more homogeneous in terms of culture, physical
characteristics and economic wealth than natives from larger countries. Moreover, to compare
native dialect speakers with standard Dutch speakers, we can obtain purer effects of speech pattern
than comparing immigrants with natives.
Based on LISS data we find that the unconditional difference in hourly wages between standard
Dutch and dialect speakers is about 10% for males and 8% for females. If we take into account
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personal characteristics and province fixed effects male dialect speakers earn 4% while there
is no significant penalty on female dialect speakers. Nevertheless, dialect-speaking behavior is
endogenous to labor market outcomes because of omitted variables that can motivate dialect
learning and labor market performance. Job characteristics can also reversely determine current
dialect usage. Finally, as most literature studying language effects dialect-speaking status is a selfreported variable subject to measure error. To deal with endogeneity of dialect-speaking behavior,
we use instrumental variable strategy and propensity score matching methods. The major excluded
restriction is geographic distance to Amsterdam, because dialect-speaking is more prevalent in
municipalities which is located far from the capital Amsterdam. All the findings suggest significant
wage penalty of dialect-speaking behavior on males’ labor market performance. Moreover, in
provinces with more distant dialects from the standard Dutch the wage penalty is less severe. This
may suggest that in these dialect-speaking areas dialect can be viewed as a separate skill in labor
market, which can compensate for the wage penalty.
Our paper is set-up as follows. In section 2 we provide a description of data and linguistic
background of Dutch. Section 3 presents our OLS results. Section 4 provides results correcting for
endogeneity. Section 5 discusses the mechanisms of results. Section 6 concludes.

3.2
3.2.1

Data and Background
Linguistic Background

The predominantly spoken language of the Netherlands is Standard Dutch, originating in the urban
areas of Noord-Holland, Zuid-Holland and Utrecht (the “Randstad" area). Besides Standard Dutch,
the regional languages and dialects spoken in the Netherlands are remarkably diverse, including
Frisian, Limburgish, and Low Saxon. Frisian, mostly spoken in the province of Friesland, is
recognized as a separate language and promoted by the local government. In Friesland both
Standard Dutch and Frisian are considered official languages and instruction media at school.
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More than 80% of the adult inhabitants understand verbal Frisian, but only a small minority can
write the language (Gorter, 2005). In our paper we refer to Frisian as a dialect for simplicity. Other
regional languages include Limburgish and Low Saxon, which enjoy the status as “official regional
languages" in related regions although there is no clear regulation regarding government support.
Limburgish is spoken in the province of Limburg by about 75% of the inhabitants and Low Saxon is
spoken in the provinces of Groningen, Drenthe, Overijssel and Gelderland by approximately 60%
of the inhabitants. Other provinces also have dialects such as Brabantish, spoken in Noord-Brabant
or Zeelandic in Zeeland (see an overview in Driessen (2005) and Cheshire et al. (1989)).
Distances between languages depend on characteristics such as vocabulary, pronunciation, syntax and grammar. To quantify distances between languages various methods are used. Levenshtein
(1966) proposed an algorithm based on the minimum number of steps to change a particular word
in one language to the same word in a different language. The overall distance between two languages is based on the average difference for a list of words for which often but not always the
100 words from Swadesh (1952) are used. Levenshtein’s method can be based on written words
but can also be based on phonetic similarities. This is especially helpful when comparing dialects
as often these are spoken but not used in writing. Table 3.1 provides a dialect indicator at the
province level. Van Bezooijen and Heeringa (2006) use two samples of Dutch dialects and apply
the Levenshtein distance measure to calculate the average linguistic distances between provincial
dialects and standard Dutch. In our paper, we use their distances, which are based on the New
Dialect Sample. These distance measures are calculated from 100 words. As shown, the linguistic
distance to standard Dutch of the dialect spoken in a particular province is the largest in Friesland
and the smallest in Flevoland, Noord-Holland and Zuid-Holland.
Table 3.1 also shows that the geographical distance to Amsterdam of the individuals in our
sample is on average the largest in Gelderland and Groningen and the smallest in Noord-Holland
where Amsterdam is located. Dialect-speaking is the most prevalent in Limburg where 68% of
the individuals in our sample speak dialect daily, followed by Friesland with 48% and Drenthe
with 34%. Flevoland, Noord-Holland, Utrecht and Zuid-Holland only have a tiny proportion of
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Table 3.1: Dialect-speaking by province
Province

Linguistic
distance

Distance to Speaking dialect (%)
Amsterdam Daily Regularly Sometimes

Never

N

Drenthe
Flevoland
Friesland
Gelderland
Groningen
Limburg
Noord-Brabant
Noord-Holland
Overijssel
Utrecht
Zeeland
Zuid-Holland

19
12
37
28
28
32
28
12
29
18
29
12

129
39
106
82
161
160
96
21
111
39
129
52

34
1
48
14
22
68
22
3
25
3
29
3

12
5
9
9
12
7
15
2
15
4
16
2

17
11
13
20
20
10
27
8
28
11
26
10

37
83
30
57
46
15
36
87
32
82
29
85

655
495
1,110
3,106
904
1,628
3,983
2,940
1,545
1,594
489
4,127

Total

23

81

17

8

16

57

22,576

Note: Distance to Amsterdam in kilometers. Averaged over the individuals in our sample.
Source linguistic distance: Van Bezooijen and Heeringa (2006).

the sample speaking dialect daily. In addition, Noord-Holland and Zuid-Holland are the provinces
with the highest share of individuals in our sample who never speak dialect.
Figure 3.1 provides a graphical representation on the relationship between dialect characteristics
and the geographical distance to Amsterdam at the provincial level. Figure 3.1a shows that linguistic
distance and geographical distance at highly correlated with Friesland and Drenthe as outliers. In
Drenthe the linguistic distance to standard Dutch is smaller than in other provinces with the same
geographical distance to Amsterdam while in Friesland the linguistic distance to standard Dutch is
larger than it is in comparable provinces. Figure 3.1b shows that there is also a strong correlation
between the share of (daily) dialect speakers and the distance to Amsterdam, with Friesland and
Limburg as outliers.

3.2.2

Data

Our dataset is from the LISS (Longitudinal Internet Studies for the Social sciences) survey. In this
survey, background demographic variables are collected monthly while on specific topics data are
collected annually (see for details: www.lissdata.nl). We use the first seven waves of panel data
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Figure 3.1: Linguistic distance, percentage dialect speakers and geographical distance to Amsterdam by province
a. Linguistic distance

b. Percentage dialect speakers

Source: see Table 1.

from 2008 to 2014 initially focusing on four indicators of labor market performance: employment,
working hours, earnings and type of jobs. An individual is considered to be employed if he or
she has any type of paid work, including family business and self-employment. Based on average
weekly working hours and personal monthly gross earnings, we calculated hourly wages.
As is usual in studies on language effects, we rely on self-reported information. Respondents
indicate dialect usage by answering the questions: Do you ever speak dialect? Respondents can
choose from Yes – daily, Yes – regularly, Yes – once a while and No – never. The indicator for
speaking dialect we use in our analysis is defined as a dummy variable which equals 1 if the
individual speaks a dialect daily2 To focus on the effects of dialect speaking pattern and exclude the
effect of language deficiency, we remove the sample of immigrants and individuals who indicate
having problems in reading or speaking Dutch. Our sample consists of 22,581 observations from
6,907 respondents. We merged the dataset with a variable measuring the geographic distance from
residential municipality to Amsterdam from an additional confidential dataset.
2Since Frisian is an official language rather than a dialect, we refer to the survey question “which language do you
generally speak at home?" for respondents from Friesland.
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Table 3.2 shows the summary statistics by gender and daily dialect-speaking. Comparing dialect
speakers with Dutch speakers, we will find that dialect speakers have slightly lower education and
more difficulty in speaking or writing Dutch, and are less likely to live in urbanized areas. We
do not find much difference in province characteristics between the two groups, except that dialect
speakers live in the north or south which are farther from Amsterdam. If we look at labor market
characteristics, employment rate and weekly working hours are similar between dialect speakers
and Dutch speakers. However, dialect speakers on average have lower hourly wages and lower
monthly earnings.
In 2008 the minimum wage in the Netherlands was about 7.8 Euro while in 2014 this was about
8.5 Euro. In the original sample some of the hourly wages are far below the minimum wage. To
avoid a bias in the parameter estimates we removed all observations with an hourly wage below 7.5
Euro from the sample3. The densities and cumulative distributions of hourly wages by dialect status
are presented in Figure 3.2. The differences between males and females are not big but individuals
who speak dialect daily on average have lower hourly wages. The median wage of standard Dutch
speaking males is 18.75 Euro while for standard Dutch speaking females this is 15.86 Euro. Among
dialect-speakers the median hourly wage is 16.76 Euro for males and 14.79 Euro for females. So,
on average for males dialect speakers earn 10.6% less than non-dialect speakers. For females the
difference is 6.7%. Of course, these differences need not be related to speaking dialect itself but
may be explained by other personal characteristics that correlate with dialect-speaking.

3.3
3.3.1

Wage Effects of Dialect-speaking
Baseline Results

As discussed in the introduction, frequent dialect-speaking can have negative effects on labor market
performance for several reasons. First, frequent dialect-speaking may lead to worse command
32.6% of the total observations are removed.
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Table 3.2: Sample characteristics by gender and daily dialect-speaking
Males
No
Yes

Dialect speakers

Females
No
Yes

Speaks dialect (%)
Never
Once in a while
Regularly
Daily
Personal characteristics
Age
Education (%)
Primary education
Lower secondary education
Intermediate secondary education
Higher education
Number of children
Living with a Partner (%)
Has a religion(%)
Urbanized area (%)
Province characteristics
Log(GDP per capita)
Log(Employment)
Log(Population (1,000))
Area in use of main roads (km2 )
Distance to Amsterdam (km)
N
Labor market and job characteristics
Employment (%)
N
Monthly earnings (Euro)
N
Weekly working hours
N
Hourly wage (Euro)
N

68
21
11
0

0
0
0
100

72
19
9
0

0
0
0
100

44

46

43

45

7
16
37
40
1.1
79
20
45

6
28
40
27
1.0
80
18
17

6
20
37
36
1.1
78
21
43

6
32
40
22
1.1
80
15
19

10.5
10.4
10.5
10.4
6.9
6.5
6.9
6.4
14.4
14.0
14.4
14.0
112
107
111
103
70
120
75
120
8,154 2,265 10,240 1,922
76
8,154
3,482
5,581
39.8
5,084
20.9
4,613

78
70
64
2,265 10,240 1,922
3,078
2,120 1,736
1,468
5,913
990
40.0
28.5
26.9
1,406
5,633
999
18.6
17.5
15.5
1,236
4,989
843

Note: The level of education dummy variables are based on Statistics Netherlands categories, primary education,
lower secondary education, intermediate secondary education and higher education. In an urbanized area population
density is above 1,500 inhabitants per squared kilometer. N is the number of observations.
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Figure 3.2: Kernel densities and cumulative distribution of hourly wages
Males

Males

a. Kernel densities

b. Cumulative densities

40

Females

Females

of the standard Dutch and reduce workplace productivity. Second, dialect-speakers may face
discrimination in the labor market. Dialects are sometimes labeled as speech patterns of lower social
classes. Prejudiced employers may discriminate against non-standard speech pattern, because it is
believed that speech patterns can signal workers’ underlying but unobserved skills. Third, dialect
speakers have disadvantage in economic activities with people from other areas.
Despite of the endogeneity of dialect-speaking, we first ignore potential threats to identification
and estimate equations by OLS to investigate the effects of dialect usage.
Yi = α1 + γDi + β1 Xi + ui

(3.1)

where Yi initially refers to a labor market indicator. In the paper we mainly use log of hourly wage
as the dependent variable. Furthermore, Di is a dummy variable for daily dialect-speaking, Xi
is a vector of individual (gender, age, square age, native, having a partner, education level, and
having a religion), family (number of children and urbanization level of residence) and province
characteristics (log of per capita GDP, log of population, area of main roads (km2 ) and log of
number of employment positions at each province).4
Table 3.3 presents OLS estimation results where the standard errors are clustered at the level
of the individual. The first column shows the raw correlation between labor market outcomes and
dialect-speaking where only year fixed effects are included. The second column include individual
characteristics. The third column further adds family characteristics. Column (4) also includes
province characteristics, while column (5) adds province fixed effects.
Table 3.3 shows the parameter estimates for males and females separately. The first column
concerns the raw correlation. There is a significant negative effect of dialect speaking for both
genders. Dialect speakers have lower hourly wage by 8-10%. The second and third column show the
estimates after we control individual and family characteristics. It is clear that the size of estimates
shrinks as we add more control variables. For females the wage penalty becomes insignificant. If
4The provincial characteristics data are from Statistics Netherlands; see for further details Appendix A.
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Table 3.3: OLS parameter estimates: Effect of speaking dialects daily on log hourly wage
(1)
Males
R2
Females
R2

(2)

(3)

(4)

(5)

N

-0.100***
(0.022)
0.01

-0.061*** -0.054***
(0.019)
(0.019)
0.29
0.29

-0.037* -0.041** 5,721
(0.019) (0.020)
0.30
0.30

-0.080***
(0.021)
0.01

-0.041**
(0.019)
0.17

-0.032
(0.020)
0.18

-0.024
(0.021)
0.18

-0.028
(0.023)
0.18

No
No
No
No

Yes
No
No
No

Yes
Yes
No
No

Yes
Yes
Yes
No

Yes
Yes
No
Yes

Individual characteristics
Family characteristics
Province characteristics
Province fixed effects

5,597

Note: All estimates contain year fixed effects; results are reported with cluster standard errors at individual level. In
column (2) we include personal characteristics. In column (3) we also include family characteristics. In column (4)
we further include province characteristics while province fixed effects are included in column (5).

province characteristics or province fixed effects are further included, the wage penalty becomes
smaller, 3-4% for males. But for females the wage penalty is no longer statistically different from
zero.

3.3.2

Sensitivity Checks

To investigate the sensitivity of our main correlation findings we performed a range of sensitivity
analysis of which the results are presented in Table 3.4. This is to provide further evidence about
mechanisms.
In panel A, we test on province heterogeneity of wage penalty. In the first specification we
include an additional independent variable, the interaction of dialect status and linguistic distance
of local dialect to the standard Dutch. This will measure how wage penalty varies across regions.
We find wage penalty of dialect speaking for males is as large as 31.6% if linguistic distance is zero.
But if linguistic distance is larger, speaking dialects daily will be a premium in labor market. For
example, in Friesland where the local language has a linguistic distance score of 37, the wage effect
of dialect-speaking becomes positive, -31.6 + 37×1.0% = 5.4%. This implies that wage premium of
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speaking regional language dominates wage penalty when it can be viewed as a separate language.
But for females the wage effect is not statistically different from zero despite linguistic distance.
In the second specification. we examine partial sample of Friesland and the Randstad area. As
discussed before, we find a positive wage effect of dialect-speaking in Friesland. Not surprisingly,
male dialect speakers in Randstad have much lower wages by 18%, which implies that the wage
penalty is mostly driven by Randstad. For females dialect-speaking has no significant wage effect
in any subsample.
In panel B we use alternative measures of speaking dialects. First, we define a dummy for ever
speaking dialects during lifetime which includes dialect speakers at all degrees. This is a more
exogenous measure free of measurement error. From the OLS estimation we find the coefficients
are still robust for both genders. Second, we add dummies for each category of dialect-speaking,
ranging from speak dialects daily to speak dialects once a while. This is to measure whether wage
penalty increases with frequency of dialect usage. Not surprisingly, speaking dialects daily has a
significant negative effect of 5.3%, while speaking dialects regularly and once a while has smaller
and less significant effects.
The next sensitivity check is for education heterogeneous effects. We include the interaction
term of speaking dialects daily with a dummy for having a degree higher than university. We
find that for both genders there is larger wage penalty of dialect-speaking for the high-educated,
while dialect-speaking is less a concern for low-educated people. This may be because higheducated group are targeted at occupations which require communication skills with people all
over the country. Moreover, dialect-speakers with a university degree are perceived as with lower
unobserved ability by employers in these occupations.
In panel D we propose a random-effects model since our sample is an unbalanced panel data5.
We add group-mean of observed variables as suggested in Mundlak (1978) and report the coefficient
on mean dialect status. As expected we find wage penalty of persistent dialect-speaking for males,
5Since dialect-speaking behavior hardly changes over time, we could not use a fixed-effects estimator to obtain
meaningful coefficients on dialect status. From 2009 to 2014, around 5-6% observations has ever changed dialect
status over years.
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but still nothing for females.
Table 3.4: Sensitivity checks: OLS parameter estimates effects of dialect-speaking
(1)
Males

Variables

(2)
Females

Panel A. Province Heterogeneity
1. Speak dialects daily
-0.316
(0.095)*** 0.048 (0.109)
Speak dialects daily × linguistic distance 0.010
(0.003)*** -0.003 (0.004)
2. Friesland: Speak dialects daily
0.060
(0.062)
-0.030 (0.072)
N
259
247
3. Randstad: Speak dialects daily
-0.180
(0.058)*** -0.020 (0.069)
N
2,360
2,409
Panel B. Alternative Measures
1. Speak dialects ever
2. Speak dialects daily
Speak dialects regularly
Speak dialects once a while

-0.032*
-0.053**
-0.033
-0.017

(0.018)
(0.024)
(0.025)
(0.020)

-0.019
-0.035
-0.029
-0.005

(0.019)
(0.025)
(0.027)
(0.023)

Panel C. Education Heterogeneity
Speak dialects daily
Speak dialects daily × high education

-0.012
(0,022)
-0.081** (0.041)

-0.018 (0.025)
-0.035 (0.040)

-0.050*

-0.030

Panel D. Mundlak Approach
Speak dialects daily

(0.029)

(0.034)

Note: Randstad is assumed to consist of the provinces Noord-Holland, Flevoland, Utrecht, and Zuid-Holland. All
results are reported with cluster standard errors at individual level. All regressions include individual characteristics,
family characteristics, calendar year fixed effects and province fixed effects.

3.4
3.4.1

Causal Effects of Dialect-speaking
An Instrumental Variables Method

As we establish the correlation between dialect-speaking and wage, there are several threats to
identification of a causal effect. First, labor market performance can reversely determine dialect
use. Workers in low-skilled occupations for example are not required to speak standard Dutch.
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Second, unobserved factors can account for a lower productivity of dialect speakers. For example,
less productive people may be more likely to stay in the place of birth and remain frequent dialect
speakers. Third, there may be survey measurement errors in establishing the definition of dialects
and whether or not individuals speak dialect frequently.
From equation 3.1 we can find suggestive evidence that there is wage penalty of dialect-speaking
on males but not females. We then provide further evidence to show that the findings are very likely
to be causality. To begin with we will use an instrument variables method by 2SLS estimation. We
mainly instrument the endogenous dialect speaking variable by an exogenous measure, geographic
distance of current residence to Amsterdam. An alternative instrument is geographic distance to
Haarlem.
To identify the causal effect of daily dialect-speaking, we need exclusion restrictions Zi . We
specify the determinants of speaking dialect daily as follows.
Di = α2 + θ Zi + β2 Xi + νi

(3.2)

where Zi is the excluded variable that affects dialect speaking but is exogenous to labor market
outcomes, for example, pre-determined geographic distance to Amsterdam. This is a model with
continuous outcomes and binary endogenous variables. We identify the causal effects using a 2SLS
estimation.
Geographic distance to Amsterdam
As standard Dutch originates from the Randstad area, people living closer to Randstad area are less
likely to speaking dialects. We first use the distance between the municipality of current residence
and Amsterdam, the capital of the Netherlands as instrumental variable. Alternatively, we measure
the geographic distance to Haarlem, which is considered as the municipality where the standard
Dutch originates6. From estimating the determinants of daily dialect-speaking, we find that the
distance to Amsterdam has a significant positive effect, after we control province variables even
6For reasons of confidentiality we only have information about the distance to Amsterdam or Haarlem in categorical
measures in every 5 km, so that municipality of residence cannot be inferred from the distance.
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province fixed effects.
Our identifying assumption is that conditional on all observed characteristics, the distance to
Amsterdam does not directly affect labor market outcomes of individual workers. To account for
economic factors in the province of residence, we control province characteristics such as province
GDP, employment, roads area and population, as well as the urbanization level of neighborhood.
Holding these economic factors fixed, geographic distance to Amsterdam is exogeneously determined and it reflects the linguistic distance of local dialects to standard Dutch. So it does not affect
labor market performance through other factors.
The identifying assumption implies that people do not move away from the place of origin, or
that at least internal migration is exogenous to labor market performance. A back-of-the-envelope
calculation shows that this assumption is not too strong. According to Statistics Netherlands,
the probability of migration between provinces is very low, 1.4-1.8% annually from 1995-2014.
Suppose children and adolescents never move without parents7, the province of residence is very
likely to be the province of origin at least for younger cohorts. For instance, for a 35-year-old
in 2014, the probability of staying in the province of origin at 15 years old is 72.6%. Moreover,
many individuals may move between provinces several times during lifetime or even migrate
back to province of origin, while others do not move at all. And when we focus on Dutch
natives, the actual staying rate is even higher than our back-of-the-envelope calculation result.
In addition, to reinforce the argument of exogenous migration, we also show that net migration
inflow is uncorrelated with local economic factors at province level (See details in Appendix B).
Finally, given that migration between provinces is not endogenous to labor market performance,
migration between municipalities within a province is of less concern to identification. This is
because commuting from home to work is common between municipalities, and people are not
very motivated to move within a province. Therefore, internal migration within the Netherlands
does not seem to be a threat to the identification of a causal effect of daily dialect-speaking on labor
7Children and adolescents who move to other provinces should be with family. The probability of migrating with
family is as low as 0.5-0.6% annually, while migration without family is the major type of migration in the Netherlands.
For instance, the probability of staying in the province of birth is as high as 93% for a 15-year-old.
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market performance.
Coefficients from 2SLS estimation
The first column of Table 3.5 reports the 2SLS parameter estimates for hourly wages in detail.
We first use geographic distance to Amsterdam as the instrument to dialect usage. For both males
(panel a) and females (panel b), age is positively related to hourly wages. Workers age 55-plus earn
substantially more than workers aged 45 to 54, who in their turn earn more than workers ages 35 to
44, etcetera. For males the age effect is stronger than for females. Educational attainment also has
a positive effect on hourly wages, although again this effect is stronger for males than for females.
The main difference between males and females is the effect of the partner. While males with a
partner earn more than males without a partner, for females this is the other way around. Of course,
this is not necessarily a causal effect, i.e. it could even be reverse causality with women with higher
earnings being less likely to have a partner or men with higher earnings being more likely to have
partners. Religion and urbanization level of residence does not have significant effects on hourly
wages. The latter is no surprise as many individuals work in a different municipality from where
they live.
The second column shows the determinants of daily dialect-speaking. The main personal
characteristics influencing dialect-speaking are degree of urbanization of the residence. In rural
municipalities the probability to speak a dialect daily is substantial higher than in urban municipalities. As discussed before, we use the distance to Amsterdam as an instrumental variable for
the probability that an individuals speaks dialect daily. As shown, for both males and females this
variable is highly significant. The parameter estimates suggests that living geographically closer to
Amsterdam is associated with a higher probability of speaking dialects by 1-2 percentage points.
Because the distance to Amsterdam is correlated with the province of residence we cannot use
province fixed effects among the explanatory variables. Provincial characteristics seem to matter
too but this is probably related to the geographical location of the provinces (as indicated in Figure
3.1).
We use the estimates in column (2) as the first-stage for the 2SLS-estimates presented in column
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(3). The F-statistics for the excluded variable in the first stage are very high indicating that our
estimates do not suffer from a weak instrument. Relying on a 2SLS method, dialect-speaking
decreases males’ hourly wages by 11.6% at 10% significant level and decreases females’ hourly
wages by 1.6% though the latter effect does not differ significantly from zero.
Apart for the wage penalty of dialect speaking which for males is much higher in the 2SLS
estimates the effect of other variables are very much the same in the 2SLS and the OLS estimates.
Urbanization and province characteristics are not important as determinants of the hourly wages.
For females, the wage penalty of dialect-speaking is smaller in the 2SLS-estimates. And, as before
the effect is insignificantly different from zero.
In table 3.6 we report the 2SLS estimates by using distance to Haarlem as an instrumental
variable. It also serves a relevant instrument with a large F-statistic and the 2SLS estimates are
robust for both genders. We also test on endogeneity of dialect status. First we regress dialect status
on explanatory variables and the exogenous instrumental variable, and predict the residuals which
reflect unobserved heterogeneity. Then we can plug the predicted residuals to the original OLS
regression of labor market outcomes. For males the unobserved component is strongly correlated
with labor market outcomes, suggesting that dialect status is indeed an endogenous variable. There
is statistical difference between OLS estimate and 2SLS estimate of the dialect effects. But this is
not the case for females.

3.4.2

Propensity Score Matching

To reinforce the causality analysis we provide estimates by the propensity score matching method.
I estimate the average treatment effects on the treated using the nearest neighbor matching method.
In panel B of table 3.6, the first specification presents the average treated effects on the treated
without any exogenous variable, while the second specification shows the results using an extra
exogenous variable in the first stage, geographic distance to Amsterdam. In both specifications the
estimates are a bit larger than OLS estimates, but still significant. It suggests that findings from
48

Table 3.5: Causal effects of speaking dialects daily on log hourly wage: 2SLS
a. Males
Dialect daily
Age 25-34
Age 35-44
Age 45-54
Age 55+
Lower secondary educ.
Intermediate sec educ.
Higher education
Number of children
Partner
Very urban
Moderately urban
Slightly urban
Not urban
Religious
Log GDP per capita
Log Employment
Log Population
Area Main Roads/100
Distance to Amsterdam/10
F-test excluded instrument
Predicted residuals

OLS
Log hourly wages
-0.037
0.162
0.379
0.488
0.606
0.031
0.126
0.388
0.002
0.054
-0.013
0.042
0.041
-0.006
-0.007
-0.042
-0.091
0.191
-0.001

(0.019)
(0.054)
(0.053)
(0.054)
(0.055)
(0.047)
(0.045)
(0.046)
(0.008)
(0.021)
(0.028)
(0.031)
(0.033)
(0.034)
(0.018)
(0.073)
(0.194)
(0.199)
(0.000)

2SLS: first stage
Dialect daily
*
***
***
***
***

0.047
0.044
0.074
0.051
0.031
*** -0.065
*** -0.106
-0.010
** -0.033
-0.034
0.039
0.116
0.193
-0.001
-0.400
0.910
-0.860
-0.130
0.187
140.2
0.091

(0.046)
(0.046)
(0.047)
(0.047)
(0.058)
(0.054)
(0.054)
(0.009)
(0.023)
(0.021)
(0.023)
(0.028)
(0.035)
(0.019)
(0.103)
(0.190)
(0.184)
(0.046)
(0.016)

*** 0.019
*** -0.007
*** 0.028
*** 0.019
**
0.050
0.019
** -0.032
0.001
*** 0.005
-0.017
-0.003
**
0.018
0.119
-0.009
-0.656
1.051
-0.928
0.247
0.146
76.0
-0.008

(0.034)
(0.035)
(0.036)
(0.036)
(0.040)
(0.041)
(0.040)
(0.008)
(0.019)
(0.018)
(0.021)
(0.030)
(0.030)
(0.014)
(0.068)
(0.148)
(0.143)
(0.045)
(0.017)

2SLS: Second stage
Log hourly wages

**
*
*
***
***
***
***
***
***
***

-0.116
0.167
0.383
0.492
0.610
0.036
0.125
0.385
0.001
0.050
-0.008
0.045
0.053
0.009
-0.007
-0.069
-0.071
0.161
-0.096

(0.066) *
(0.054) ***
(0.054) ***
(0.054) ***
(0.058) ***
(0.048)
(0.046) **
(0.047) ***
(0.008)
(0.022) **
(0.029)
(0.031)
(0.034)
(0.037)
(0.018)
(0.078)
(0.020)
(0.202)
(0.036)

-0.016
0.162
0.291
0.313
0.393
-0.176
-0.078
0.151
-0.003
-0.059
-0.045
-0.047
-0.062
-0.045
0.028
0.035
0.017
0.017
-0.021

(0.098)
(0.031) ***
(0.033) ***
(0.033) ***
(0.036) ***
(0.072) ***
(0.070)
(0.070) **
(0.008)
(0.020) ***
(0.030)
(0.032)
(0.045) *
(0.050)
(0.018)
(0.114)
(0.210)
(0.209)
(0.038)

(0.040) **

b. Females
Dialect daily
Age 25-34
Age 35-44
Age 45-54
Age 55+
Lower secondary educ.
Intermediate sec. educ.
Higher education
Number of children
Partner
Very urban
Moderately urban
Slightly urban
Not urban
Religious
Log GDP per capita
Log Employment
Log Population
Area Main Roads/100
Distance to Amsterdam/10
F-test excluded instrument
Predicted residuals

-0.024
0.162
0.290
0.312
0.393
-0.175
-0.078
0.151
-0.003
-0.059
-0.046
-0.047
-0.063
-0.044
0.028
0.030
0.021
-0.003
-0.000

(0.023)
(0.032)
(0.033)
(0.032)
(0.036)
(0.072)
(0.070)
(0.071)
(0.008)
(0.020)
(0.029)
(0.032)
(0.033)
(0.034)
(0.018)
(0.089)
(0.201)
(0.201)
(0.000)

***
***
***
***
***
***

(0.097)

Note: 5,721 observations for males, 5,597 observations for females; all estimates contain calendar year fixed effects
and province characteristics. The main parameter estimates are also reported in Table 3.3.
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OLS models are quite robust and reliable. Despite that the wage penalty becomes significant for
females at 10% level, it is not consistent under choice of matching method. Although OLS models
only provide correlational evidence, it is not bold to say the causal wage-penalty is very likely to
be true.
Table 3.6: Causal effects of speaking dialects daily on log hourly wage
(1)
Males

Specification

(2)
Females

Panel A: Instrumental variable method
1. Distance to Amsterdam as an IV
1st stage F-statistic
Test for endogeneity: ν̂i
2. Distance to Haarlem as an IV
1st stage F-statistic
Test for endogeneity: ν̂i

-0.116*
140.2
0.091**
-0.132**
135.8
0.114***

(0.066)

-0.016
76.0
(0.040) -0.017
(0.067) 0.006
74.1
(0.041) -0.033

(0.098)
(0.051)
(0.093)
(0.054)

Panel B. Propensity score matching
1. No excluded restriction
-0.058*** (0.017) -0.020 (0.020)
2. Distance to Amsterdam as an excluded restriction -0.060*** (0.020) -0.044* (0.026)
Note: In Panel A, clustered standard errors are reported at individual level. In Panel B, coefficients and robust
standard errors are reported based on the nearest neighbor matching method. All regressions include individual
characteristics, family characteristics, calendar year fixed effects and province characteristics.

3.5

Mechanisms

Having established that there is a significant wage penalty of speaking dialect for males the question
is how to interpret this finding. From appendix C, we know that dialect-speaking does not work on
employment probability or working hours, but decreases hourly wages and probability of getting a
more profitable or non-manual job. This may be because these better paid jobs require proficiency
in more widely used languages and are located in the urbanized areas.
The first mechanism of wage penalty is that dialect-speakers perform worse in terms of the
standard Dutch language. Yao et al. (2016) for example investigate the relationship between dialect
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speaking and academic performance of 5-6 year old children in the Netherlands. They find that
dialect speaking has modest negative effects on language skills of young boys while young girls
are not affected. However, it is not clear that this effect persists over time till adulthood. Giesbers
et al. (1988) reporting the results of an investigation at primary schools in two dialect areas in the
southern parts of the Netherlands conclude that dialect-speaking is not an educational disadvantage
per se. However, they do find that dialect-speaking children are disadvantaged in terms of actual
school performance and their choice of secondary education. One of the surprising findings is
that school teachers seem to be prejudiced against dialect-speaker. Essays of dialect-speakers were
graded worse than essays of non-dialect speakers if teachers were aware of the dialect-speaking
of their pupils. However, if graders were unaware of the dialect-speaking they did not give lower
grades to dialect-speaking children.
In our analysis, we focus on native Dutch who report to have no problem in reading and
speaking standard Dutch. Though it is unlikely that dialect-speakers have lower actual productivity
at workplace, an alternative explanation may be that dialect-speakers are perceived to have a local
accent which signals lower productivity than workers who speak standard Dutch perfectly. Even
if workers do not have difficulty in speaking standard Dutch at work it may still be obvious for
colleagues and employers to recognize a dialect accent. Whether dialect-speakers actually have a
lower productivity is hard to tell. We consider the fact that high educated workers face a larger
wage penalty than their counterparts as an indication that perceived productivity is not in line with
actual productivity. Therefore, mechanisms such as discrimination and signaling can explain the
wage penalty better than actual productivity.
The fact that wage penalty is only present for males but not for females may be related to gender
difference in location choice of job. Based on LISS data, females are more likely to work closer to
home than males. Females’ distance from work to home and commuting time is 10.5 km and 20.6
minutes on average, compared with males’ 16.3 km and 27.5 minutes. Therefore, there should be
less wage penalty and even wage premium of dialect-speaking for females who do not commute to
other provinces for work.
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Our main finding of wage penalty is inconsistent with the existing literature on bilingual systems
which suggests that there exists a wage premium for being proficient in an official regional language
or a dialect (Chen et al., 2014; Christofides and Swidinsky, 2010; Di Paolo and Raymond, 2012).
Speaking a regional language can signal social identify, increase search efficiency and decrease
transaction cost in the local labor market. However, our context is different from bilingual systems
in the sense that a dialect cannot be viewed as a separate language. Dialect speech pattern will
affect how people speak the standard language and associate with social status. Moreover, although
speaking a dialect increases search efficiency in the local market, it may not compensate for the
disadvantage in national labor markets unless the local area is more developed than country average,
for example, Catalonia in Spain and Shanghai in China. This is in line with our findings for province
heterogeneity, that is, little wage penalty in Friesland and more wage penalty in Randstad.

3.6

Conclusions

We investigate whether daily dialect-speaking affects labor market performance of individual
workers focusing on hourly wages. Using data from the Netherlands we conclude that dialectspeaking does affect the probability that an individual has a job or conditional on having job their
weekly hours of work. Male workers who speak a dialect on average have significantly lower hourly
wages. For females we also find negative effect of dialect-speaking on earnings but these effects
are not significantly different from zero. High-educated male workers face a larger wage penalty
of dialect speaking than their counterparts. Finally, we find province heterogeneous effects that in
areas farther away from Randstad, there is less wage penalty. Our data do not allow us to make a
distinction between various mechanisms that lead to wage penalty for male workers. We can only
speculate that prejudiced employers may be a reason. Or, self-prejudiced workers are responsible
for the wage penalty to the extent that workers who speak a dialect self-select in worse jobs.
Our findings are all the more surprising since we use an imperfect indicator for dialect-speaking.
Our identifying question is whether individuals speak dialect daily without reference to home or
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work. It could be that dialect-speakers do not speak dialect while at work. Furthermore, an
individual who claims to speak standard Dutch may not speak a dialect according to someone
from a different area in the Netherlands. Our findings suggest a correlation between speech pattern
and wage which is very likely to be causal. Clearly further research is needed in which a causal
relationship can be established with field experiment design.
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Appendix A: Details on the variables
Explanatory characteristics
Individual characteristics
• Dialect daily: dummy variable, 1 if the answer to the question “Do you ever speak dialect?”
is “Yes, daily”, 0 if “Yes, regularly", “Yes, sometimes" or “No, never".
• Age dummies: dummy variables for age categories 25 to 34, 35 to 44, 45 to 54 and 55+.
Reference group is age below 25.
• Education dummies: dummy variables for educational categories primary school, intermediate and higher secondary school, intermediate and higher vocational school, university or
higher. Reference group is primary school education.
• Religious: dummy variable for having a religion.
• Partner: dummy variable for having a partner living at the same address.
Family characteristics
• Number of children: number of dependent children in the household.
• Urbanization: dummy variables for degree of urbanization based on inhabitants per squarekilometer in the municipality of residence (in parentheses); extremely urban (2500 or more),
very urban (1500 to 2500), moderately urban (1000 to 1500), slightly urban (500 to 1000),
not urban (less than 500). Reference group is extremely urban.
Province characteristics
• GDP per capita: GDP, value added at market prices of the total economy, per capita.
• Employment: number of residents having a paid work for at least one hour a week, including
self-employees.
• Population: total number of people residing in a province by January 1.
• Area Main Roads: total area of main roads in km2 .
• Distance to Amsterdam: straight distance from a municipality to Amsterdam in 5 km.
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Dependent variables
• Employment: dummy variable for having any type of paid work, including family business
and self-employment.
• Monthly earnings: personal monthly gross earnings from employment.
• Working hours: average hour of work per week.
• Hourly wage: calculated based on monthly earnings and working hours.
• Professional ranking: based on average monthly earnings. The ranking is as follows:
Monthly
earnings (Euro)

Professional
ranking

Unskilled and trained manual work
Semi-skilled manual work
Agrarian profession
Skilled and supervisory manual work
Other mental work
Intermediate academic or independent
Intermediate supervisory or commercial
Higher academic or independent
Higher supervisory profession

1623
2447
2562
2646
2865
3164
3335
4160
5230

1
2
3
4
5
6
7
8
9

Average

3398

5

Profession

• Manual jobs: unskilled and trained manual work, semi-skilled manual work, agrarian profession and skilled and supervisory manual work. Non-manual jobs include all other jobs, i.e.
academic, independent, supervisory, commercial or mental work professions at any level.
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Appendix B: Determinants of net migration inflow
As indicated in the main text, we assume that people do not move away from the place of origin or
if they do, they stay in their province or do this not for economic reasons. To investigate whether
this assumption is plausible, Table 2.A1 presents the correlation between internal migration and
labor market factors at province level available from 2010 to 2013. The data is from Statistics
Netherlands. The dependent variable is the net inflow rate of migration due to inter-municipality
moves. The independent variables are GDP per capita, total compensation of employees (million
euro), total number of employed people (per 1000), total working hours (million hours) and
number of population (in 1000). We control calendar fixed effects and province fixed effects, the
OLS results suggest that labor market factors (compensation, employed people and working hours)
do not jointly affect migration inflow between provinces. Internal migration might be driven by
unobserved location preference.
Table 2.A1: Determinants of net migration inflow
Net inflow
GDP per capita
log(Total compensation)
log(Number of employees)
log(Total working hours)
log(Population)
Year fixed effects
Province fixed effects

-0.000 (0.000)
30.214 (31.864)
-22.643 (90.213)
-36.693 (95.840)
-18.253 (42.030)
Yes
Yes

F-statistics for wage factors
# Obs.

0.55
48
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Appendix C: Effects of dialect-speaking on more labor market
outcomes
Table 2.A2: OLS parameter estimates: Effects of speaking dialects daily on labor market outcomes
(1)
Males

Variables
1.
N
2.
N
3.
N
4.
N
5.
N

Employment
Log working hours
Log hourly wage
Non-manual job
Professional ranking

-0.001

(0.016)
10,291
0.024
(0.014)
6,362
-0.041** (0.020)
5,721
-0.075*** (0.027)
6,862
-0.221*
(0.116)
7,714

(2)
Females
-0.014

(0.023)
11,927
-0.030
(0.028)
6,397
-0.028
(0.023)
5,597
-0.098*** (0.028)
6,763
-0.269** (0.122)
7,612

Note: All results are reported with cluster standard errors at individual level. All regressions include individual
characteristics, family characteristics, calendar year fixed effects and province fixed effects.
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Chapter 4
The Educational Consequences of Language
Proficiency for Young Children
Abstract
This paper studies the educational consequences of language proficiency by investigating the relationship between dialect-speaking and academic performance of 5-6 year old children in the
Netherlands. We find that dialect-speaking has a modestly negative effect on boys’ language test
scores. In addition, we study whether there are spillover effects of peers’ dialect-speaking on test
scores. We find no evidence for spillover effect of peers’ dialect-speaking. The test scores of neither
Dutch-speaking children nor dialect-speaking children are affected by the share of dialect-speaking
peers in the classroom.

Keywords: Dialect-speaking, Test Scores, Spillover Effects
JEL code: J24, I2

0This paper is jointly written with Asako Ohinata and Jan C. van Ours, published on Economics of Education
Review, 2016 Issue 54, Page 1-15.
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4.1

Introduction

The economic consequences of language proficiency have received increasing attention in recent
years. Language skills are viewed as part of human capital and play an important role in labor
market performance, schooling, health care, consumption and investment (see an overview in
Chiswick and Miller (2014)). The existing literature predominantly studies the topic in the context
of immigration. These studies focus on how the proficiency in local languages contributes to adult
immigrants’ labor market performance and social integration in host countries (Bleakley and Chin,
2004, 2010; Chiswick and Miller, 1995; Dustmann and Fabbri, 2003; Dustmann and van Soest,
2001; Yao and van Ours, 2015). Other papers investigate the educational performance of immigrant
children (Dustmann et al., 2010; Geay et al., 2013).
Our paper contributes to the literature on the educational consequences of language skills but
instead of studying immigrant students, it investigates the effects of speaking dialects at home on
standardized test scores. We refer to variations of the standard language across regions and regional
languages in a country as dialects. Since immigrants speak different languages from natives, they
are the obvious choice for studying the effects of language. However, immigrant students do
not only differ from native students in terms of the spoken language but they also have different
socio-economic and cultural backgrounds. As a result, the estimated effects in previous papers are
likely to reflect the combined influences of linguistic as well as cultural differences. In contrast,
dialect-speaking students share a relatively homogeneous background with those who speak the
standard language of the country. In this sense, our estimates are likely to capture purer language
effects.
To our knowledge, our paper is the first to study the effects of speaking dialects on academic
performance. Aside from the advantage of investigating the impacts of language proficiency
exploiting dialect-speaking behavior, studying the economic consequences of dialect is important
on its own. Dialects are an integral part of daily communication and widespread in many countries.
Nonetheless, the existing economic literature on dialect is scarce. Grogger (2011, 2014) reports that
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non-standard speech patterns like African American and Southern American dialects are associated
with lower wages in the US labor market. Similarly, Gao and Smyth (2011) find a significant wage
premium associated with fluency in standard Mandarin for dialect-speaking migrating workers in
China. These papers present evidence on labor market performance; a natural extension to the
literature is to study how dialect-speaking affects students’ academic performance.
Besides labor market performance at adulthood, the return to language skills can be traced
back to the accumulation of human capital at early stages of life. A few recent studies investigate
how skills in local languages are related to academic performance of immigrant students although
the evidence is still limited. Using the UK National Pupil Database and the Millennium Cohort
Study, Dustmann et al. (2010) find that immigrant students in the UK lag behind native students
at the beginning of primary school. This gap is smaller for students whose mother tongue is
English. Moreover, the gap diminishes throughout the primary and secondary schooling process
and this is particularly prominent again among immigrants whose mother tongue is English. Their
data, however, do not have information on parental education and therefore they cannot rule out
the possibility that those who already speak English fluently come from highly educated families.
Geay et al. (2013), on the other hand, study whether non-English speaking students affect native
students’ academic performance. They also use the National Pupil Database and present findings
that non-English speaking immigrants often sort themselves into schools with more academically
disadvantaged native students. Once they control for self-selection into schools, they report that
there is no negative spillover effect from immigrants to native students.
As a case study, we choose the Netherlands to investigate the effects of dialect-speaking on
education. There are three main reasons for our choice of country. Firstly, there exist multiple
regional dialects in the Netherlands with varying degrees of linguistic distance to Standard Dutch.
This variation allows us to study effectively the impact of language. Secondly, compared with other
countries, native residents in the Netherlands are relatively more homogeneous in terms of ethnicity,
culture, and even economic wealth. As a result, we are more likely to be able to pick out the effect of
language without the influences of other socio-economic and demographic characteristics. Thirdly,
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despite the existence of various dialects in the Netherlands, Standard Dutch is predominantly used
in school teaching, even in regions where the position of the local dialect is strong (see Cheshire
et al. (1989) for an overview). In such a learning environment, dialect-speaking may pose negative
effects on academic performance, especially on children’s linguistic development. Furthermore, it
may be more costly for these dialect-speaking children to interact with Standard Dutch speakers
and teachers.
Our data from the PRIMA survey for Dutch primary schools provide us with a unique set of
information collected from 5 to 6 year-old primary school children, their parents, as well as the
school directors. In particular, the data include crucial information identifying those students who
speak dialects at home. In addition, we also observe their test scores and classroom and school
level characteristics.
In order to identify the effects of dialect-speaking on test scores, we estimate a linear function
with individual and classroom variables. In addition, we control for school fixed effects to take
account of potentially endogenous selection of students into schools. We separately estimate
the dialect effects on language and math test scores. This is because linguistic disadvantages
faced by dialect-speaking students may affect language scores more and we may, as a result, find
heterogeneous effects across subjects. Indeed, we only find a negative impact of dialect-speaking
on language test scores. In addition, dialect-speaking boys suffer more from learning in a language
that is different from their daily language at home. Our point estimates may be affected by omitted
variables such as the ability of some dialect-speaking students to adopt Standard Dutch faster.
Such an ability is likely to affect not only the rate of learning Standard Dutch, but also a student’s
academic performance. Therefore, we conduct a sensitivity analysis by including math test scores
in our regression as a measure of individual ability. Our results are robust to this alternative
specification.
The fact that dialect-speaking students, who suffer academically, share the learning environment
with those who speak Standard Dutch raises a further question: would classmates’ speaking patterns
affect academic performance? Although spillover effects in the classroom have gained much
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attention among social scientists in the last decade, we are the first to explicitly focus on speaking
patterns. Spillover effects in the dialect-speaking setting can occur through several channels. First,
there could be a negative spillover from dialect speakers to other students. Students may learn
non-standard pronunciation and/or grammar from dialect speakers. The negative effects may be
more evident in language skills than in other subjects if this were the case. Second, although the use
of Standard Dutch is encouraged by teachers and used by the majority of students in Dutch primary
schools, informal verbal interaction in dialects can occur between dialect speakers, thus segregating
students into a dialect-speaking group and a Dutch-speaking group. Insufficient in-class interaction
may harm the academic performance of all students across all subjects. Therefore, these channels
suggest negative consequences of studying with dialect-speaking peers for all students. However,
having more dialect-speaking peers in the same class may be beneficial for dialect speakers. That
is, with more peers speaking the same dialect, dialect speakers can have interactions with peers
and conduct discussions at a lower cost. To sum up, we conjecture that more dialect-speaking
classmates will impede learning for Dutch speakers, but the effects will be ambiguous for dialect
speakers. Therefore, spillover effects must be investigated separately for each group.
It is well known that the identification of spillover effects suffers from a number of econometric
difficulties. There may be parental selection as to where their children attend schools, so that peers’
mother tongue is endogenously determined by school choice. Studies using non-experimental data
attempt to mitigate the bias from self-selection by exploiting exogenous variation in the composition
of peers across classes or schools (Ammermueller and Pischke, 2009; Hanushek et al., 2003; Lavy
et al., 2012). The study on spillover effects in European primary schools by Ammermueller and
Pischke (2009) is close to our paper in terms of identification strategy. They control for school
fixed effects and exploit exogenous variation in class composition in the same grade. In order to
test whether classrooms are formed randomly with respect to a particular student characteristic,
they perform a Pearson χ2 test. In addition, Ohinata and van Ours (2013) introduce a check for
random allocation for schools with two classes in one grade. Based on the difference in the number
of immigrants between two classes, they can compare the observed distribution of schools with the
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simulated distribution obtained from random allocation. We adopt the two tests, which suggest that
dialect-speaking students are randomly allocated in schools. Relying on the variation in the share
of dialect-speaking peers across classrooms in one grade and across cohorts in the same school,
we find no evidence of spillover effects from peers’ dialect-speaking on test scores. We conduct a
range of sensitivity checks, which all suggest that our findings are robust.
To summarize, the contribution of this paper to the literature is threefold. Firstly, it adds to
the scarce literature on the educational consequences of language skills. We focus on the effects
of speaking Dutch dialects on individual test scores as well as the spillover effects of speaking
dialects on classmates’ test scores. Secondly, our paper is the first to investigate the socio-economic
consequences of dialect-speaking in the context of education. Last, but not the least, we present
a purer estimate of the impact of language proficiency, which is less likely to be affected by other
factors such as cultural and socioeconomic differences.
The rest of the paper is organized as follows: Section 4.2 introduces language usage in the
Netherlands. Section 4.3 describes the PRIMA data and presents some stylized facts. Section 4.4
examines the effect of dialect-speaking on test scores. Section 4.5 presents the baseline results
for spillover effects from peers’ dialect-speaking and a wide range of sensitivity checks for these
spillover effects. Section 4.6 concludes.

4.2

Languages and Dialects in the Netherlands

The predominantly spoken language of the Netherlands is Standard Dutch, originating in the urban
areas of Noord-Holland, Zuid-Holland and Utrecht. Besides Standard Dutch, the regional languages
and dialects spoken in the Netherlands are remarkably diverse, including Frisian, Limburgish and
Low Saxon. Frisian, mostly spoken in the province of Friesland, is recognized as a separate
language and promoted by the local government. In Friesland both Standard Dutch and Frisian
are considered official languages and more than 80% of the adult inhabitants understand verbal
Frisian. It is also an official subject and can be an instruction medium in the primary schools except
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for some exempted schools in Friesland. Other regional languages include Limburgish and Low
Saxon, which enjoy the status as “official regional languages" in related regions although there is no
clear regulation regarding government support. Limburgish is spoken in the province of Limburg
by about 75% of the inhabitants and Low Saxon is spoken in the provinces of Groningen, Drenthe,
Overijssel and Gelderland by approximately 60% of the inhabitants. However, neither Limburgish
nor Low Saxon are taught as a school subject. Other provinces also have dialects such as Brabantish,
spoken in Noord-Brabant or Zeelandic in Zeeland (see an overview in Driessen (2005) and Cheshire
et al. (1989)). Standard Dutch is the only instruction medium in most provinces in the Netherlands.

Table 4.1 summarizes the linguistic distances between Standard Dutch and various dialects and
regional languages (Van Bezooijen and Heeringa, 2006).1 We use the Levenshtein distance which
is based on a comparison of the pronunciation of typical words in one dialect and in Standard
Dutch.2 The distance is determined by the minimum number of steps to change a particular word
in one language to the same word in another languages. The more steps it requires, the farther away
these two languages are considered to be. As shown in Table 4.1, Frisian stands out from the other
dialects by having the largest Levenshtein distance, i.e. 37, followed by Limburgish. As a point
of comparison, the Levenshtein distance between Standard Dutch and English is reported to be 63
(Isphording and Otten, 2013). Therefore, the distances between some Dutch dialects and Standard
Dutch are likely to be non-negligible.

1From here on, for simplicity, we refer to all dialects and separate regional languages used in the Netherlands as
dialects. Frisian, Limburgish and Low Saxon are recognized as official regional languages by the European Charter for
Regional or Minority Languages. Frisian has the highest level of recognition, which means that the Frisian provincial
government may be more active in promoting the use of Frisian. Low Saxon and Limburgish have a lower level of
recognition. See Driessen (2005) for more details.
2The Levenshtein distance is introduced by Kessler (1995). For an overview of linguistic distances and their use in
economics see Ginsburgh and Weber (2015). The web-appendix also provides details.
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4.3
4.3.1

Data and Background
PRIMA Data

Our analysis employs data from PRIMA, a large-scale biannual longitudinal survey for primary
schools in the Netherlands. The project was conducted by the Institute for Applied Social Sciences
in Nijmegen and the SCO-Kohnstamm Institute in Amsterdam from 1994 to 2005. The survey
covers students in the second, fourth, sixth and eighth grade from 6 cohorts and over 600 schools,
covering 10% of the relevant age population. It provides rich information on Dutch primary
education, documenting test scores, school and class characteristics, and demographic information.
We select a cross-sectional sample of native students in the second grade. We drop immigrants
from our sample and treat all non dialect-speaking students as Dutch-speaking.3 Language information is only collected from parents of second graders. We are not able to follow later grades
because of attrition in survey sampling at individual level. Moreover, we exclude the first two
cohorts from the sample, because math scores and teacher characteristics are made comparable
across cohorts only after the 1998/1999 survey.
In the questionnaires, parents indicate in what language their child speaks to his/her mother,
father, siblings and friends. Our data also reports the language spoken between the two parents.
Each parent was asked to report one of three categories: Standard Dutch, dialects or Frisian, and
other foreign languages. We consider a student to be dialect-speaking if the student speaks dialect
or Frisian to his/her mother or father. The main independent variable is whether a student speaks
a Dutch dialect or Standard Dutch at home to parents.4 Our main variables of interest are the
measures for educational outcomes. The PRIMA survey provides standardized tests on language
and math for second grade children.5 The language test for children in second grade measures
3We define students as immigrants if at least one parent was born outside of the Netherlands.
4We do not take into account the language spoken between siblings or friends because it may be affected by school
education. The group of students speaking dialects with fathers highly overlaps with those who speak dialects with
their mothers or siblings.
5To enable a comparison between language scores and math scores, we also normalize test scores for each subject.
We divide the differences between each of the PRIMA test scores and the average test score by its standard deviation.
The normalized scores, therefore, have a mean of 0 and standard deviation of 1.
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understanding of words and concepts such as first, last, many and few. The math test focuses on
the sorting of objects, comparing numbers and counting.
After exploring the direct effect of speaking dialect on students’ test scores, we investigate the
spillover effects in classrooms. We calculate the share of dialect-speaking peers at the class level
excluding oneself, based on the unrestricted sample including immigrant students and missing
observations. This indicator measures how intensely students interact with dialect-speaking peers.
We will impose further restrictions on the sample for the spillover effects analysis. For example,
we drop classes with less than five students to obtain more accurate shares and remove schools
without any dialect speaker in the relevant grade as outliers. The resulting sample consists of 411
schools from four cohorts.

4.3.2

Summary Statistics

Standard Dutch is predominantly used in Dutch primary schools. According to our sample from
the PRIMA survey, 10.1% of students in the second grade are reported to speak dialects to parents
at home nationally. The survey provides location information of schools by 12 Dutch provinces.
Table 4.1 summarizes the share of dialect-speaking students by province. The distribution of
dialect-speaking students is very heterogeneous across provinces. Limburg is the province with the
largest share of dialect-speaking students, 53%. It is followed by Friesland where as many as 39%
of the students speak the regional language with parents. In Drenthe and Zeeland, there are around
18% of dialect-speaking students. On the other hand, less than 2% of students speak dialects at
home in the provinces of Noord-Holland, Utrecht and Zuid-Holland where modern Standard Dutch
originated.6
Table 4.2 presents the means of our variables separately by language group and gender. To
begin with, dialect speakers have lower test scores on both language and math compared to Dutch
6See also the percentage of dialect-speaking students by province in the web-appendix, Figure A2. The share of
dialect-speaking children in PRIMA survey is lower than that of dialect-speaking population. There is a considerable
decrease in the use of dialects between generations and across years (Driessen, 2005).
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speakers, although the gap between the two groups is modest. Girls have higher test scores than
boys regardless of whether they speak dialects or not. Dutch-speaking girls, therefore, are the most
advantaged group, while dialect-speaking boys have the lowest average scores. Secondly, there is
not much difference between dialect speakers and Dutch speakers in individual characteristics, such
as gender, age, family composition, and whether one has always lived in the Netherlands. However,
dialect speakers are much more likely to have dialect-speaking parents than Dutch speakers. Parents
of around 89% of the dialect-speakers and only around 10% of the Dutch speakers use dialects
at home, indicating that the language spoken by students in the second grade is predominantly
determined by their parents’ language usage. Also, dialect speakers are more likely to have
parents with lower educational attainment than Dutch speakers. The proportion of parents with
university or higher degrees is around 10 percentage points higher for Dutch speakers than for
dialect speakers. Thirdly, we find no significant difference in teacher and school characteristics
between the two groups, except that dialect-speaking students are much more likely to attend
schools in less urbanized areas. Intuitively, dialects play a more important role in daily interaction
in less urbanized areas where population mobility is low. Finally, girls and boys have very similar
characteristics in both language groups. Summarizing Table 4.1 and Table 4.2, speaking dialects
associates with lower test scores and lower education level of parents; dialect speakers are mainly
from less urbanized areas and certain provinces.7
Before we move on to our main analysis, Figure 4.1 compares kernel density distributions of
the test scores of Dutch-speaking students and dialect-speaking students. The top and bottom
graphs present language scores and math scores, respectively. Graph (a) presents the distribution of
language scores by gender and language group. For both boys and girls, there is not much difference
for the two language groups in the shape of the distribution. But obviously dialect speakers have
lower language scores than Standard Dutch speakers, especially for boys. From Graph (b), we find
that the distributions of math scores for two language groups are more overlapping than those of
7Note that immigrant children have parents with much lower education attainment. For example, while only onethird of Standard-Dutch speaking children have fathers with a degree of lower secondary or lower, this is about 50%
for dialect-speaking children and 75% for immigrant children.
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the language scores. There is hardly any difference between the two language groups, and this is
true for both genders. Figure 4.1 only suggests a weak association between dialect-speaking and
language scores at the individual level.
We present further similar kernel density distribution graphs of test scores in Figure ??. In
these figures, we compare the test score distribution of classes with a high versus a low share of
dialect-speaking students. The “high share” classes are defined to be those with the average share,
i.e. 22%, or more. Similarly, “low share” classes are those with less than 22%. It is clear from
the upper graph that differences in Dutch speakers’ language scores are limited with respect to the
share of dialect speakers. The lower graph presents the same pattern for math scores. Figure ??
suggests that the share of dialect speakers at the class level does not seem to explain the differences
in test scores for Dutch speakers. The figure also presents the distribution of test scores for dialect
speakers. For both language and math scores, the distributions are similar between classes with
a high share of dialect speakers and those with a low share. However, dialect speakers from
high-share classes seem to have slightly higher math scores.8

4.4

Dialect-speaking and Test Scores

In this section we examine the relationship between dialect-speaking and academic performance.
As a baseline, we estimate the following model using OLS:
T
Yics,t = Xics,t
β + δDics,t + αs + γt + εics,t

(4.1)

where Yics,t denotes the normalized test scores for student i in class c and school s at year t. Dics,t
equals one if the student speaks a dialect to parents. Xics,t is a vector of all individual characteristics
8In the web-appendix, we also plot average test scores against the share of dialect speakers at the class level.
Considering students’ self-selection into schools, we demean the average scores and the shares at the class level relative
to those at the school level. In Figure A3, the scatter plots and fitted lines indicate how test scores are correlated to the
share of dialect speakers. For both Dutch speakers and dialect speakers, we find the fitted lines are flat. There is no
correlation between the share of dialect speakers and average language or math scores.
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and teacher characteristics. αs denotes the school fixed effects and γt indicates the year fixed effects.
Finally, εics,t is the error term.
The key variable of interest is the dummy variable for speaking dialects at home, Dics,t . A
negative coefficient implies that dialect-speaking students perform worse on the respective test.
We control for a set of individual characteristics (age in months, age squared, gender, a dummy
for presence of both parents, a dummy for always having lived in the Netherlands, dummies
for number of children at home, dummies for father’s and mother’s level of education) and a
set of class characteristics reported by teachers (teacher’s gender, teacher’s year of experience,
number of students in a class, a dummy for whether teaching is combined with other grades, a
dummy for whether remedial teachers are used, and dummies for different shares of immigrant
students in a class). Students may choose schools based on their socio-economic status as well as
their spoken language. Therefore, we control for school fixed effects in order to correct for the
potential bias that arises from such self-sorting into schools. As indicated in Table 4.2, speaking
dialect is correlated with parents’ education. In particular, dialect-speaking students typically have
less educated parents, which in turn may affect students’ test scores. Therefore, we control for
educational attainment of mothers as well as fathers.
Table 4.3 presents the OLS estimates for the effects of speaking dialects on language and math
test scores. The parameter estimates are reported separately for boys and girls to account for
gender-specific effects. In the first column, only year fixed effects are included. In subsequent
columns, we gradually include individual characteristics, teacher characteristics, and school fixed
effects in order to investigate how these variables affect our estimates.
In the first column of Panel (a), we find a significantly negative effect of speaking dialects
on language scores for both boys and girls. When we add more control variables, the relevant
parameter estimates decrease because dialect-speaking is correlated with background variables.
Moreover, when we introduce school fixed effects to remove the endogeneity of school choice,
we find that speaking dialect with parents significantly decreases boys’ language scores by 0.079
standard deviations but has no effect on girls’ language scores. The gender-specific effects imply
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that boys and girls may have different trajectories of language development. At the age of 5, girls
may be better at adapting to the new language environment than boys.9 Panel (b) presents the
dialect-speaking effects on math scores. Irrespective of whether we add school fixed effects or not,
we do not find any significant effect once we control for individual characteristics. Since we use
the normalized scores, we can compare the magnitude of the estimated effects between subjects.
Clearly, the effect of dialect-speaking on math scores is smaller and less significant than the effect
on language scores. Moreover, the negative effects of speaking dialects are present only for boys.
To conclude, we find a penalty of dialect speaking on academic performance, but this only applies
to boys’ language scores, which is consistent with our preliminary findings in Figure 4.1.
It is possible that our results so far suffer from an omitted variable problem, since we may
have failed to control for individual unobserved abilities. A student’s own ability is likely to affect
not only the rate of learning Standard Dutch, but also his academic performance. Therefore, we
conduct a sensitivity analysis to investigate this issue by presenting additional results in which we
include students’ math test score as an explanatory variable in the language score regression. The
assumption is that there is no direct effect of dialect-speaking on math scores. The math test is
targeted at basic mathematical concepts and reasoning and reflects the innate ability of the children
in the second grade. Panel (c) of Table 4.3 shows that there is a significantly negative effect of
dialect-speaking on boys’ language performance even after we take account of their math scores
on top of other covariates. The parameter estimate of -0.066 is not substantially different from
the parameter estimate in the first row of Panel (a). Introducing the math score as an explanatory
variable does not influence the magnitude of the effect of dialect-speaking on language scores
but increases the precision of the estimate. Also similarly to Panel (a), the effect on girls is
insignificantly different from zero. All in all, this robustness check supports the idea of a possible
causal effect of dialect-speaking on the language skills of children.
9In fact, linguists have long pointed out the superiority of girls in language performance over boys. Murray
et al. (1990) present evidence that girls begin talking earlier while Roulstone et al. (2002) show that girls accumulate
vocabulary faster than boys. The differences in language performance are observed as early as 2-3 years old and into
school years (e.g. Bornstein et al. (2000); Dionne et al. (2003); Lynn (1992)). Based on these findings, it may not be so
far-fetched to argue that girls adapt better to a new language at the age of 5 or 6 and outperform boys in language tests.
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It is important to note that we have so far assumed that children who do not speak dialects
at home can speak Standard Dutch properly. However, this is not necessarily the case. Children
who are considered to speak Standard Dutch are still likely to be affected by dialects spoken by
their peers in the region. In such a case, the estimated gap in language test scores between dialect
speakers and Dutch speakers may be underestimated. As a result, our estimates may present a lower
bound of the actual effects.
Table 4.4 presents parameter estimates for sensitivity analysis. As a point of reference, Panel (a)
repeats the baseline estimates of Table 4.3 column (4) when all characteristics and fixed effects are
controlled. Panel (b) shows the effect of children’s dialect-speaking if we include a dummy variable
for whether parents speak dialects between each other. The negative effects of dialect-speaking
for boys’ language scores increase in size while the other parameter estimates are not affected.
Apparently, after we control for parental dialect speaking, the negative effects of dialect-speaking
for boys’ language scores are stronger. In Panel (c) we use an alternative measure of dialectspeaking status, whether children speak dialects at home to both parents, rather than to either of
them. This is to test whether a stronger exposure to a dialect at home affects our results. However,
we find effects that are in line with the baseline estimates. Panel (d) shows the parameter estimates
if we exclude the observations from Friesland, the province with a regional language that is the
farthest from Standard Dutch and enjoys high social status. Compared to Panel (a) the negative
effect on boys’ language scores also exists in other provinces. As discussed in Section 4.2, the
linguistic distance to Standard Dutch differs across Dutch dialects. If it is the case that speaking
dialects indeed affects students’ language performance, we should observe that the negative effect
of dialect-speaking is more prevalent among students whose dialect is farther away from Standard
Dutch. In Panel (e), we use the interaction term between dialect dummy and the linguistic distance
measure as the explanatory variable. The parameter estimates in Panel (e) suggest that an increase
of 10 units in the linguistic distance will cause a decrease in dialect-speaking boys’ language scores
by 0.025 standard deviations. Our results indicate that the penalty of speaking dialects on boys’
language scores increases with linguistic distance. Linguistic distance, however, does not affect
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girls’ language scores or math scores in general.

4.5

Spillover Effects of Dialect-speaking

4.5.1

Set-up of the Analysis

In this section we investigate the spillover effects of speaking dialect on peers’ performance. As
a proxy for the intensity of students’ communication in dialects within a classroom, we calculate
the share of dialect-speaking peers relative to the total number of peers in each class.10 We rescale
the shares in the range from 0 to 1 for convenience of interpretation. As discussed in Section 4.3,
we restrict the sample to schools with at least one dialect speaker in one grade. We also drop
observations from classes with fewer than 5 students in order to obtain a more precise measure of
the shares. These procedures result in the native sample of 9,411 individuals from 411 schools and
1,091 classes.
As discussed in Section 4.1, we want to investigate whether peers’ speaking behavior affects
test scores of Dutch-speaking students differently from dialect-speaking students. Motivated by
the literature on peer effects, we apply the linear-in-mean model. Our main explanatory variable
is the share of dialect-speaking peers at the class level, calculated over all students in the class and
excluding the student of interest. We estimate using the following OLS equation:
T
Yics,t = Xics,t
β + λD(−i)cs,t + αs + γt + εics,t

(4.2)

where Yics,t denotes test scores for student i in class c and school s at year t. D(−i)cs,t denotes
the share of dialect-speaking peers at the class level, excluding individual i. Xics,t is a vector of
10Around 30% of the observations did not report whether they speak dialects. This is because parents of these
students did not report the language information. In Section 4.5 we use the non-missing sample to calculate the share
of dialect-speaking peers, assuming that the share of dialect speakers is identical between the missing sample and the
non-missing sample. For further checks, we alternatively defined the share by treating all missing observations either
as dialect speakers or as Dutch speakers. However, our results are robust regardless of the definition used. Results are
available upon request.
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all individual and teacher characteristics. We control for school fixed effects, αs to remove the
variation explained by school choice. Furthermore, γt are year fixed effects, indicating that we
control for the cohort-specific shocks in test scores. εics,t is the error term.
In order to obtain unbiased and consistent OLS estimates in Equation (4.2), we rely on two
assumptions. The first assumption is that the dialect-speaking students are randomly allocated
across cohorts within a school. The second assumption requires that dialect speakers are randomly
allocated into classes if there are two or more classes within a grade in a school. For example,
if school directors intentionally allocate more dialect speakers to classes with students of disadvantaged background, the negative spillover effect of dialect speakers will be overestimated. The
validity of the tests for these assumptions are discussed in Section 4.5.2.
A remaining concern regarding the consistency of OLS estimates is that students may change
their language usage at home after attending primary schools, so that the share of dialect-speaking
peers is endogenous. For example, dialect-speaking students of higher ability may start using
Standard Dutch at home because of exposure to Dutch-speaking classmates and teachers. We
assume that the language spoken between children and parents is persistent for young children. We
believe that our assumption is valid, since it is unlikely that parents switch from speaking dialects
to Standard Dutch when their children have attended primary schools for only one year.

4.5.2

Random Allocation of Dialect Speakers across Classes

We argue that the share of dialect-speaking peers in a class is exogenously determined if dialect
speakers are randomly assigned into different classes in a grade as well as across cohorts within
a school. This implies that the OLS estimate of λ in Equation (4.2) represents a causal spillover
effect of dialect-speaking after we control for school fixed effects.
For schools with one single class in the second grade, we rely on the idiosyncratic variation
in the share of dialect-speaking peers across cohorts in the particular school to identify the causal
spillover effects. For schools where there are more than one class in the second grade, we rely
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on the random allocation of students between classes as well as across cohorts.11 We assume that
students are randomly allocated to each cohort within the same school. In addition, we assume
that the allocation of students to classes within the same cohort in a school is also randomly
determined. There are two reasons why we believe that the former assumption is likely to hold.
Firstly, educational disadvantages experienced by dialect-speaking students have not drawn wide
attention in the Netherlands. As a result, it is very unlikely that Dutch parents would explicitly
avoid schools with high shares of dialect-speaking students in previous cohorts or change the
decision when to attend primary school. Secondly, school administrators and parents usually have
no information about the dialect usage of peer students prior to enrollment. Therefore, admission of
students should not depend on whether they speak a dialect or Standard Dutch. Since each school
director can identify whether a particular student in his or her school is speaking dialect once
the student is admitted, allocation of students into second-grade classes may depend on students’
spoken language. Therefore, we conduct the following two tests to examine the latter assumption,
that students are randomly allocated into classes within the same cohort and school.
First, we perform the Pearson χ2 test suggested by Ammermueller and Pischke (2009). If the
allocation of students is random, the characteristics of each student should be independent of the
characteristics of other students in the class. For each school s, we define nc j as the actual number
of students in classroom c = 1, 2, ..., Cs with the subscript j = 0, 1, denoting Dutch-speaking and
dialect-speaking respectively. We compute the predicted number n̂c j of dialect speakers and Dutch
n n

speakers in any classroom as Í c.Í .nj c j . Then the Pearson test statistic for any school is given as
c
j
Í Í (nc j −n̂c j )2
2
and follows a χ distribution with (Cs − 1)(J − 1) degrees of freedom. When
c
j
n̂c j
further assuming that the allocation of students to each school is independent of any other, we can
Í
aggregate the Pearson test statistics. This aggregate follows a χ2 distribution with (Cs − 1)(J − 1)
s

degrees of freedom. Based on our sample of schools with multiple classes, the aggregate Pearson
test statistic is 405.99 with 453 degrees of freedom. Given the p-value of 0.95, we cannot reject the
11In our sample, we have 640 observations from 411 schools and 4 cohorts. Out of these schools, 378 school
observations have a single class, 155 have two classes, 54 have three classes, 38 have four classes and 15 have five or
more classes.

75

null hypothesis of random allocation.

Second, as suggested by Ohinata and van Ours (2013), we can formally test whether dialect
speakers are randomly assigned to different classes in schools with 2 classes in the grade. Some
schools allocate an equal number of dialect-speaking students to each class while other schools
allocate different numbers of dialect speaking students to each class. Let us indicate the difference
in the number of dialect-speaking students across classes within the same school as n, where
n = 0, 1, 2, ...., 13. We then plot a frequency distribution of the schools with difference n in
the number of dialect-speaking students from our sample. Next, we plot a simulated frequency
distribution of schools with difference n in the number of dialect-speaking students under the
assumption that these students are randomly allocated to classes (See more details in Ohinata and
van Ours (2013)). If students are indeed randomly allocated, we should observe that the actual
distribution from our data is statistically comparable to the simulated distribution. This is shown
in Figure 3. The p-value for the F-test on the difference between the two distributions is 0.83,
indicating that we cannot reject the null hypothesis.

In addition to the random allocation of dialect speakers into classes, we also need to ensure
that the allocation of teaching resources is uncorrelated with the share of dialect speakers in a
class. That is, the share of dialect speakers should not be correlated with other class level variables
which may determine academic performance. In Table 4.5, we regress the share of dialect speakers
on teacher characteristics and average background characteristics at the class level. We also add
school fixed effects and year fixed effects. The first column presents estimates based on the entire
sample. The second column includes estimates based on schools with multiple classrooms per
cohort. Irrespective of the samples, we find that all control variables except for the share of girls are
uncorrelated with the share of dialect speakers. Classroom characteristics and teaching resources
are jointly insignificant, suggesting that these control variables cannot explain the share of dialect
speakers at the class level.
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4.5.3

Baseline Results

Table 4.6 presents the estimated effects of peers’ dialect-speaking on the test scores of Dutch
speakers and dialect speakers separately. This is to investigate the potentially heterogeneous
spillover effects, which may depend on the language spoken by the affected students. We include
the individual characteristics, teacher characteristics, school fixed effects and year fixed effects as
we did in the previous section. The dependent variable in each regression is the test scores after
normalization with zero mean and standard deviation of 1. The independent variable of interest is
the share of dialect-speaking peers with a range from 0 to 1. From Column 1 to 4 in Panel (a), we
find that the share of dialect-speaking peers has no significant effect on Dutch speakers’ language
scores. Irrespective of including control variables and school fixed effects, all parameter estimates
are very small and insignificant. This suggests that the share of dialect-speaking peers in a class
does not have significant spillover effects among Standard Dutch-speaking students. Similarly in
Panel (b), we find that there is no significant spillover effect on Dutch speakers’ math scores. In
conclusion, our results show that providing a common learning environment for dialect as well
as Standard Dutch speakers does not negatively affect the academic performance of students who
speak Standard Dutch.
It is also of interest to investigate whether having more dialect-speaking peers in the same
class/cohort benefits or harms dialect speakers themselves. In Table 4.6, we also report the
estimated spillover effects for dialect speakers. In Column 1 of Panel (a), we regress language
scores only on the share of dialect-speaking peers and find modestly positive effects. When the
share of dialect-speaking peers increases by 10 percentage points, the language score of dialect
speakers will increase by 0.019 standard deviations. However, when we control for individual
characteristics, teacher characteristics, school fixed effects and year fixed effects, the significant
spillover effects disappear. This is most likely because the positive correlation between the share
and the test score of dialect-speaking students is explained by individual background and school
choice. Similarly, Panel (b) indicates that there is no spillover effect on dialect speakers’ math
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scores when more control variables are added. Interaction with more classmates speaking the same
dialect neither benefits nor harms dialect speakers.
As discussed before, the spillover effects of dialect speakers on the majority Dutch speakers
are expected to be negative for at least two reasons. First, dialect speakers are usually from more
disadvantaged background and they may have difficulty in studying the standard language. According to the peer effects literature, disadvantaged students may have negative effects on classmates’
performance in general. Second, with many dialect speakers there could be linguistic segregation
between groups of students in a class. This would make in-class interaction costly. However, the
spillover effects on the minority dialect speakers are ambiguous. Besides the potentially negative
effects discussed above, more peers speaking the same language can help dialect speakers to integrate in class, leading to positive effects on performance. Our findings, however, support none
of these arguments. We find no spillover effects for both groups and both subjects. The negative
spillover from dialect speakers can be more or less offset by curriculum in Dutch and sufficient
exposure with Dutch speakers.

4.5.4

Sensitivity Checks

Table 4.7 presents a series of sensitivity checks for the causal spillover effects of peers’ dialectspeaking. Panel (a) of Table 4.7 reports regression results separately for schools with multiple
classes and schools with one single class in the second grade. For multiple-class schools, we
are using variation both across classes and across cohorts. For these schools, we find that the
relevant parameter estimates are larger in size than the baseline estimates but still insignificant.
The parameters presented in the second row in Panel (a) are estimated using a sample of schools
with a single classroom and therefore based on across cohort variation. We find that the parameter
estimates change substantially due to sample selection, but the estimates are still small and only
marginally significant.
In Panel (b), we control for the peers’ average individual background characteristics. In the
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language of Manski (1993), this allows us to account for the contextual effects. This is also to
control for the correlation between peers’ speaking pattern and their characteristics. According to
the estimates, peers’ speaking pattern has no effect on academic performance.
Panel (c) reports the spillover effects separately between classes with less or more than 22%
dialect-speaking students. Our hypothesis is that negative spillover effects may dominate in classes
with more dialect speakers, since there is more linguistic segregation and less exposure to Standard
Dutch. However, in both high-share and low-share dialect-speaking classes, dialect-speaking peers
have little influence on academic performance, except for a negative spillover effect on dialect
speakers’ language scores at the 10% level.
We also investigate whether spillover effects differ between boys and girls. We regress the test
scores of two groups separately on the share of dialect-speaking peers in the whole class. As shown
in Panel (d), the spillover effects are small and insignificant for both boys and girls, although the
point estimates are generally larger for boys.
In Panel (e), we check heterogeneous spillover effects across provinces. We use the interaction
of the share of dialect-speaking peers and the linguistic distance of dialect (divided by 10) as the
main explanatory variable, and find no spillover effect no matter how far a dialect is from Standard
Dutch.
Finally, the number of dialect-speaking peers in a class, instead of the share, is used as a measure
for exposure to dialect speakers. The estimated parameters in Panel (f) also suggest that there are
no significant spillover effects.

4.6

Conclusions

This paper investigates the importance of language skills on academic performance among young
children in the Netherlands. In contrast to the existing literature which study this issue by focusing
exclusively on immigrant children, we explore the impacts of dialect-speaking on educational
achievement. To our knowledge, this is the first paper that addresses this issue by focusing on
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non-immigrant children. In addition, it is the first to study the consequences of dialect-speaking in
the context of education.
Using the unique Dutch dataset PRIMA, we study the effect of dialect-speaking on individual test
scores. In addition, we examine the potentially negative spillover effects of peers’ dialect-speaking
on the academic performance of classmates.
We find that dialect-speaking at home is strongly correlated with parental usage of dialects. It
also correlates with province of residence, family background and urbanization level of the location
of schools. We find that speaking dialect has a modest penalty on language skills for boys and
this penalty increases as the linguistic distance between the students’ dialect and Standard Dutch
increases. We find no significant effect on language skills for girls. Dialect-speaking does not seem
to affect math skills either for boys or for girls. Assuming that dialect-speaking does not affect math
skills and including math scores to control for individual ability, we still find a negative effect of
dialect-speaking on language scores for boys. For girls, we find no such effect.
We also study the spillover effects of peers’ dialect-speaking on academic performance of
Standard Dutch and dialect-speaking children. In order to deal with the endogeneity problem
of spillover effects, we rely on random allocation of dialect speakers across classes in one grade
and idiosyncratic variation of the share of dialect speakers across cohorts in one school. In the
linear-in-mean model, we estimate individual test scores on the share of dialect-speaking peers at
the class level. Neither of the two groups experienced spillover effects and this finding is robust to
several sensitivity checks.
The fact that boys are negatively affected by speaking dialect can be related to different trajectories of language development between young boys and girls. We hypothesize that the dialect
penalty on boys’ academic performance would disappear at later stages of life. In fact, the findings from the existing literature indicate that dialect-speaking may even have positive effects in
the long run. For example, the existing literature on bilingual systems suggest that there exists a
wage premium for being proficient in an official regional language or a dialect (Chen et al., 2014;
Christofides and Swidinsky, 2010; Di Paolo and Raymond, 2012). Speaking a regional language
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can signal social identity, increase search efficiency and decrease transaction cost in the local labor
market. Unfortunately, we cannot investigate whether or when boys catch up with girls in language
performance, since our dataset suffers from severe attrition across grades. Nor can we examine the
long-run impact on their labor market performance. In fact, it is important to keep in mind that our
finding of negative dialect-speaking effects only applies to the performances of Standard Dutch and
math in the short run. However, this is an interesting and important question that deserves further
attention in the future. Our results also suggest that it is unlikely that speaking dialects would be
detrimental to classmates. The finding indicates that imposing interventions such as discouraging
children to learn dialects or track students by mother tongue is likely to be unnecessary.
In order to put our findings in the broader context of the educational consequences of language
skills, we draw on findings from a comparable study on immigrant students in the Netherlands
(Ohinata and van Ours, 2012). While we find that the dialect-speaking boys lag behind their
counterparts in language by 0.08 standard deviations, first-generation immigrant students in the
Netherlands perform worse in reading tests in comparison to native students by 0.28 standard
deviations, nearly 4 times more than that of dialect-speaking students. The difference in the
magnitude is likely partially a result of the lack of cultural differences experienced by dialectspeaking students. It is also possible that the linguistic barriers that dialect-speaking students
experience are much less than those experienced by first-generation immigrant students.
Given this, it is probably safe to say that it is not at all surprising that we do not find any spillover
effect from dialect-speaking students to Dutch-speaking students. Even though immigrant students
are in a much more disadvantaged position compared to dialect-speaking students, Ohinata and
van Ours (2013) find no spillover effect from immigrants to natives. Of course, our study cannot
rule out the possibility that the educational consequences of language would be non-negligible in
countries where the linguistic barriers experienced by dialect speakers or non-native speakers in
general are larger. We leave this question for future research.
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Table 4.1: Linguistic distances and the share of dialect-speaking students in PRIMA
Province
Drenthe
Flevoland
Friesland
Gelderland
Groningen
Limburg
Noord-Brabant
Noord-Holland
Overijssel
Utrecht
Zeeland
Zuid-Holland
Total

Linguistic
Distance

Dialect
Speakers (%)

Number
of Students

19
12
37
28
28
32
28
12
29
18
29
12
22.5

18.8
3.3
39.0
2.8
10.0
53.0
3.0
1.4
7.2
1.4
18.6
0.4
10.1

756
332
1,346
2,801
807
1,816
3,811
4,104
1,276
767
825
3,573
22,214

Source: Van Bezooijen and Heeringa (2006) and PRIMA Survey.
Note: In Column 1, the linguistic distances between various dialects spoken in each province and Standard Dutch are
shown. The larger the value of the index, the more distant a dialect is from Standard Dutch. The weighted average
linguistic distance is 22.5. In Column 2 and 3, we present the share of dialect-speaking students based on our sample
for analysis. The shares are very similar based on the combined sample of native students and immigrants in the second
grade.
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Table 4.2: Means of variables by language group and gender
Dutch speakers
Boys
Girls

Dialect speakers
Boys
Girls

-0.086
(0.99)
-0.022
(1.01)

0.124
(0.99)
0.051
(0.99)

-0.219
(0.95)
-0.152
(0.93)

0.015
(0.99)
0.013
(1.05)

97.2
69.2
98.1
2.4
9.9

98.1
68.6
98.1
2.4
11.0

99.1
69.3
99.1
2.5
89.3

99.5
69.0
99.5
2.4
90.6

33.2
35.8
25.8
6.2

32.4
36.3
25.4
5.9

47.8
33.8
15.7
2.8

48.5
34.7
13.9
2.9

28.5
43.4
21.9
6.2

28.8
43.4
21.8
6.0

41.6
44.7
11.2
2.6

44.1
42.6
10.5
2.8

97.9
16.3
75.0
76.9
15.9
18.0

98.1
16.3
75.2
75.8
15.8
17.7

96.5
17.8
66.0
72.5
17.5
15.7

96.5
18.4
65.4
74.0
17.3
16.4

21.9
24.8
23.2
23.3
6.8

21.8
25.9
21.7
24.3
6.3

34.2
36.0
16.5
13.2
0.0

32.3
37.4
16.7
13.5
0.0

10,607

9,942

1,225

1,045

Test scores
Language scores
(standard deviation)
Math scores
(standard deviation)
Individual Characteristics
Complete family (%)
Age in months
Always lived in the Netherlands (%)
Number of children at home
Dialect-speaking between parents (%)
Father’s education (%)
Lower secondary school or lower
Upper secondary school
University or higher
Not available
Mother’s education (%)
Lower secondary school or lower
Upper secondary school
University or higher
Not available
Teacher and school characteristics
Female teacher (%)
Year of teaching
Combining class (%)
Remedial class (%)
Number of students
Share of immigrants in a class
Urbanization of location of school (%)
Not urban
Little urban
Moderately urban
Very urban
Extremely urban
Number of Obs.

Note: The table presents the average statistics based on the sample of native students from 4 cohorts in the second
grade. The test scores are normalized such that for the full sample the mean is 0 and the standard deviation is 1.
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Table 4.3: Effect of dialect-speaking on test scores
(1)

(2)

(3)

(4)

-0.123***
(0.034)
-0.102***
(0.036)

-0.053
(0.032)
-0.024
(0.034)

-0.064**
(0.032)
-0.037
(0.034)

-0.079**
(0.036)
-0.008
(0.042)

-0.128***
(0.035)
-0.038
(0.039)

-0.053
(0.033)
0.048
(0.038)

-0.059*
(0.033)
0.029
(0.038)

-0.026
(0.040)
0.034
(0.043)

-0.054**
(0.027)
-0.081***
(0.028)

-0.026
(0.027)
-0.048*
(0.028)

-0.035
(0.027)
-0.052*
(0.028)

-0.066**
(0.031)
-0.024
(0.038)

N
N
N
Y

Y
N
N
Y

Y
Y
N
Y

Y
Y
Y
Y

a. Language scores
Boys
Girls
b. Math scores
Boys
Girls
c. Language scores
Boys
Girls
Individual characteristics
Teacher characteristics
School fixed effects
Year fixed effects

Note: The independent variable of interest in each regression is a dummy which equals 1 if the student speaks a dialect
to his/her father or mother at home. In Panel (a) and (b), we control for individual characteristics, teacher and class
characteristics, school fixed effects and year fixed effects. In Panel (c), all regressions include the math scores as an
independent variable. The number of boys in our sample is 11,832 and the number of girls is 10,987. The clustered
standard errors at the class level are shown in parenthesis. *** p<0.01, ** p<0.05, * p<0.1.
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Table 4.4: Parameter estimates of effects of speaking dialects at home; Sensitivity Analysis
Variables

(1)
(2)
Language scores
Boys
Girls

(3)
(4)
Math scores
Boys
Girls

a. Baseline results
Speaking dialects at home

-0.079**
(0.036)

-0.008
(0.042)

-0.026
(0.040)

0.034
(0.043)

b. Including dialect-speaking parents as an explanatory variable
Speaking dialects at home

-0.124*** -0.035
(0.040)
(0.047)

-0.070
(0.046)

0.011
(0.048)

c. Using speaking dialects to both parents as a measure
Speaking dialects at home

-0.071*
(0.040)

-0.006
(0.046)

-0.018
(0.043)

0.037
(0.045)

-0.085*
(0.044)

-0.022
(0.053)

-0.043
(0.049)

0.036
(0.053)

-0.005
(0.014)

-0.009
(0.013)

0.005
(0.014)

d. Excluding Friesland
Speaking dialects at home

e. Province heterogeneous effects
Speak dialects at home ×
Linguistic distance (/10)

-0.025**
(0.012)

Note: Panel (a) repeats the parameter estimates of Table 4.3 column (4). In Panel (c) the independent variable
is speaking dialects at home to both parents rather than either parent as an alternative measure. In Panel (e), the
independent variable of interest is the interaction of the dummy for speaking a dialect at home and linguistic distance
of the dialect divided by 10. In all panels, we include individual characteristics, teacher and class characteristics,
school fixed effects and year fixed effects. The clustered standard errors at the class level are shown in parenthesis.
*** p<0.01, ** p<0.05, * p<0.1.

85

Table 4.5: Random assignment of teaching resources and Dutch-speaking students; share of dialectspeaking students in the classroom

Share of girls in a class
Average age in month
Share of students from
complete families
Share of students who
always lived in the Netherlands
Average number of children
Average father’s education level
Average mother’s education level
Teacher is female
Teacher’s year of experience
Combining class
Remedial class
Number of students
Share of immigrant students: 10-30%
Share of immigrant students: 30-50%
Share of immigrant students: 50-70%
Share of immigrant students: 70-100%
F-statistics for average characteristics
F-statistics for teaching resources
Number of classrooms
Number of schools

(1)
All

(2)
Multiple classes

0.054**
(0.026)
-0.180
(0.241)
-0.040
(0.042)
0.015
(0.053)
0.140
(0.138)
-0.882
(1.700)
0.745
(1.700)
-0.185
(3.260)
0.009
(0.053)
1.791
(2.189)
-1.013
(1.298)
-0.001
(0.155)
0.326
(1.341)
-3.164
(1.954)
-2.733
(3.349)
-1.358
(3.164)

0.040
(0.027)
-0.176
(0.243)
-0.235
(0.042)
0.008
(0.056)
0.034
(1.378)
-0.585
(1.801)
-0.009
(1.903)
0.124
(3.308)
0.001
(0.053)
0.737
(3.270)
0.151
(1.460)
-0.143
(0.192)
0.562
(1.460)
-3.910
(2.060)
-1.852
(4.033)
-0.481
(3.382)

0.86
0.74
1,093
411

0.50
1.05
717
182

Note: The dependent variable is the share of dialect-speaking students in a class. All regressions are at the class level
with year fixed effects and school fixed effects. In Column 2, we only use the sample from schools with multiple classes
in the second grade. The clustered standard errors at the class level are shown in parenthesis. All the estimates include
year fixed effects. *** p<0.01, ** p<0.05, * p<0.1.
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Table 4.6: Spillover effects of dialect-speaking on test scores
(1)

(2)

(3)

(4)

0.020
0.031
(0.082) (0.078)
0.191** 0.038
(0.090) (0.083)

-0.018
(0.077)
-0.000
(0.086)

-0.047
(0.166)
-0.192
(0.213)

0.000
(0.091)
0.195*
(0.101)

0.014
(0.087)
0.057
(0.097)

-0.003
(0.088)
0.017
(0.098)

-0.192
(0.189)
-0.049
(0.202)

N
N
N
Y

Y
N
N
Y

Y
Y
N
Y

Y
Y
Y
Y

a. Language scores
Dutch speakers
Dialect speakers
b. Math scores
Dutch speakers
Dialect speakers
Individual characteristics
Teacher characteristics
School fixed effects
Year fixed effects

Note: The independent variable of interest is the share of dialect-speaking peers in a class. In all panels, we include
individual characteristics, teacher and class characteristics, school fixed effects and year fixed effects. The number of
Dutch speakers is 7,149 and the number of dialect speakers is 2,262. The clustered standard errors at the class level
are shown in parenthesis. *** p<0.01, ** p<0.05, * p<0.1.
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Table 4.7: Sensitivity checks: Estimates of spillover effects
(1)

(2)

Language scores
Dutch speakers Dialect speakers

(3)

(4)

Math scores
Dutch speakers Dialect speakers

a. Multiple-class and single-class samples
Multiple-class
Single-class

-0.118
(0.187)
0.225
(0.338)

-0.359
(0.248)
0.139
(0.474)

-0.266
(0.200)
0.270
(0.353)

-0.275
(0.198)
0.771*
(0.394)

-0.123
(0.215)

-0.197
(0.188)

-0.037
(0.203)

0.037
(0.188)
0.439
(2.080)

-0.711*
(0.370)
0.231
(0.273)

0.142
(0.216)
-0.781
(2.270)

-0.417
(0.306)
-0.018
(0.288)

-0.347
(0.231)
-0.070
(0.250)

-0.216
(0.242)
0.150
(0.314)

b. Controlling peers’ background characteristics
Whole sample

-0.034
(0.164)

c. High share and low share samples
High share class
Low share class

-0.056
(0.354)
0.012
(0.285)

d. Gender heterogeneous effects
Boys
Girls

-0.088
(0.238)
-0.130
(0.232)

e. Independent variable: Share of dialect-speaking peers interacts with linguistic distance
Whole sample

-0.030
(0.057)

-0.066
(0.065)

-0.088
(0.066)

-0.016
(0.065)

-0.021
(0.025)

-0.024
(0.024)

f. Independent variable: Number of dialect-speaking peers
Whole sample

-0.005
(0.017)

0.002
(0.019)

Note: The independent variable of interest is the share of dialect-speaking peers in a class, except for Panels (e) and (f).
In all panels, we include individual characteristics, teacher and class characteristics, school fixed effects and year fixed
effects. The clustered standard errors at the class level are shown in parenthesis. *** p<0.01, ** p<0.05, * p<0.1.
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Figure 4.1: Distribution of test scores by language spoken at home
a. Language scores
Boys
Girls

Boys

b. Math scores
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Girls

Figure 4.2: Distribution of test scores by share of dialect speakers (low–high) and language spoken
at home
a. Language scores

b. Math scores
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Figure 4.3: Random allocation of dialect-speaking students between 2 classes in one grade; difference in number of dialect speakers between two classes in one grade

Note: This table uses the sample of schools with two classes in the second grade. It compares the predicted distribution
of schools and the actual distribution of schools. The vertical axis is the number of schools. The horizontal axis is the
difference in the number of dialect-speaking students between two classes within the same school.
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Appendix A: Measuring Dutch Dialect Speaking
A1: Dialectometry - measuring linguistic distances
Ginsburgh and Weber (2015) provide an overview of linguistic distances and their use in economics.
Language varies within speech communities and whether a variety is considered to be a dialect
or a separate language depends on whether or not it is sufficiently similar to another variety.
Nevertheless, there is no clearly defined borderline between language and dialect. Sometimes
a standard language is defined as the language of the majority but it also happens that standard
language is defined as the language for the elite (Smakman (2012)).
Distances between languages depend on characteristics such as vocabulary, pronunciation, syntax and grammar. To quantify distances between languages various methods are used. Levenshtein
(1966) proposed an algorithm based on the minimum number of steps to change a particular word in
one language to the same word in a different language. The overall distance between two languages
is based on the average difference for a list of words for which often but not always the 100 words
from Swadesh (1952) are used. Levenshtein’s method can be based on written words but can also
be based on phonetic similarities. This is especially helpful when comparing dialects as often these
are spoken but not used in writing.12
Kessler (1995) is the first study to use the Levenshtein distance measure to study dialects. He
studied differences between Irish dialects based on 51 phonetic strings of words spoken in 86 sites
noticing that most languages have dialect continua where the speech in one village differs little
from the speech of a neighboring village. Therefore, it is difficult to draw major dialect boundaries.
Levenshtein distances between dialects have been established for only a few countries and often the
results are presented on geographical maps and not as numbers. Valls et al. (2012) study Catalan
dialects using the Levenshtein language distance. Gooskens and Heeringa (2004) did the same for
Norwegian dialects and Wieling et al. (2014) for Tuscan dialects.
12Note that Levenshtein distances are reported differently varying from absolute numbers to percentages based on
arithmetic means or logarithmic means.
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A2: Our distance measure
Our data are not informative about the detailed location of the school. The only information we have
is in which province the school is located. Therefore, we use a dialect indicator that is provided
at the province level. Van Bezooijen and Heeringa (2006) use two samples of Dutch dialects
and apply the Levenshtein distance measure to calculate the average linguistic distances between
provincial dialects and standard Dutch. In our paper, we use their distances, which are based on
the New Dialect Sample. These distance measures are calculated from 100 words. Van Bezooijen
and Heeringa (2006) use logarithmic distances in which small differences in pronunciation are
weighted more heavily than large distances.13 Table 4.A1 gives an overview of various measures
of linguistic distances. The first column shows a measure based on subjective estimates, the second
column shows the geographical distance from the center of a province to the city Haarlem, which
is considered to be the city where the language spoken is closest to Standard Dutch. The third
and fourth column show the Levenshtein distance from dialects to standard Dutch based on two
different dialect samples. Column (4) is the measure we present in Table 1. We consider this to be
the most accurate measure as this is based on a more recent sample of dialects. There is a strong
correlation between these measures. We highlight these correlations in Figure 4.A1.
There are just a few studies to which we can compare the Dutch dialect distances.14 Gooskens
and Heeringa (2004) compare 15 Norwegian dialects using 58 words and calculating percentage
differences between dialects as in Van Bezooijen and Heeringa (2006). Gooskens and Heeringa
(2004) find the smallest difference between two dialects of 14.4 and the largest difference as 41.7.
Nerbonne et al. (1996) study the differences between 18 Dutch dialects from various parts of the
Netherlands comparing the pronunciation of 100 words. The report relative distances, i.e. absolute
Levenshtein differences divided by the length of the larger words. The minimum relative distance
13The measure is defined as the logarithm of the distance plus 1, divided by the logarithm of the highest possible
distance plus 1, multiplied by 100. So, the measure can be interpreted as a percentage ranging from 0 to 100.
14As a point of reference, Isphording and Otten (2013) provide a comparison of languages based on the 40 words.
They use a normalization of the Levenshtein distance that accounts for chance in similarities and report the following
distances from Dutch: English 63.22; German: 51.50.
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is 36, the maximum is 91. A lot of the variation between dialects may have to do with geographical
distance as shown by some studies using Levenshtein distance measures. Heeringa and Nerbonne
(2001) use 125 words to compare 21 Dutch dialect that are spoken in cities and villages that
roughly form a straight line from northeast Netherlands to southwest Netherlands. They find a
strong correlation between geographic distance and average Levenshtein distances between two
dialects. Wieling et al. (2014) find that Tuscan dialects spoken more distant from Florence to be
more likely to differ from standard Italian.
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Table 4.A1: Average linguistic distance of dialects to Standard Dutch by province
Levenshtein distance
Subjective Geographical ODS
NDS
(1)
(2)
(3)
(4)
Drenthe
51
79
35
19
Flevoland
22
25
23
12
Friesland
72
62
43
37
Gelderland
34
52
30
28
Groningen
57
95
38
28
Limburg
56
85
35
32
Noord-Brabant
40
52
26
28
Noord-Holland
17
14
23
12
Overijssel
41
67
36
29
Utrecht
18
25
23
18
Zeeland
39
59
30
29
Zuid-Holland
20
23
22
12
Note: The study was done for 12 Dutch provinces and 5 Belgian provinces
(1): Subjective estimates of 69 males and 71 females from different parts in the Netherlands
(2): Geographical distance from the center of a province to Haarlem; rescaled 0-100; 100 was for a Belgian province.
(3): Levenshtein distance based on Old Dialect Sample (ODS), 125 words in 324 dialects sampled in the period
1921-1975.
(4): Levenshtein distance based on New Dialect Sample (NDS), 100 words in 27 dialects sampled in 2001.
Note in (3) and (4) no information was available for the province of Flevoland; we assume this province to have the
same distance to Standard Dutch as Noord-Holland.
Source: Van Bezooijen and Heeringa (2006)
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Figure 4.A1: Language distances
a. Geographical and subjective

b. Levenshtein; old data sample and new data sample

c. Geographical and Levenshtein new data sample
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a. Dialect-speaking students (%)

b. Levenshtein linguistic distance

Figure 4.A2: Map of the Netherlands by province

Figure 4.A3: Class-level average score after within transformation and share of dialect-speaking
students in a class
a. Dutch-speaking students
Language scores
Math scores

b. Dialect-speaking students
Language scores
Math scores
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Chapter 5
Sex Ratio and Timing of the First Marriage
in China: Evidence from the
One-and-A-Half-Children Policy
Abstract
This paper studies how sex imbalance in the marriage market affects the timing of the first marriage.
As a major relaxation of the one-child policy in China during the 1980s, the one-and-a-half-children
policy was implemented to allow extra births, conditional on the gender of the first child. Rural
residents are allowed to have a second child only if the first child is female. Due to the stronger
son preference at higher order births, this policy change increases the incentive of parents to have
male children rather than female children and conduct sex-selective abortions. Thus, this led to
a male-biased sex ratio at birth in the 1980s and an excess supply of males in marriage market
after 2000. Based on data from China Family Panel Studies 2014 and the Chinese Census 2000,
I estimate the effect of sex ratio on the timing of the first marriage by exploiting the exogenous
variation of the policy implementation across regions and cohorts. From a difference-in-difference
approach with mixture proportional hazard models, I find that the first marriage is significantly
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delayed in regions with a high sex ratio. The delaying effects are significant for both males and
females, though less significant and smaller for females. The fact that females also delay the first
marriage is because they set a higher reservation wage in response to an excess supply of males in
the marriage market.

Keywords: Sex Ratio, Marriage Timing, One-and-A-Half-Children Policy
JEL code: J12, J13

5.1

Introduction

Due to a series of family planning policies, China has witnessed drastic changes in the population,
not only a shrinking size but also an unbalanced gender composition. According to the Chinese
Census 2010, the sex ratio of males to females at birth has increased from 1.01 in 1979 to 1.21
in 2010 after the one-child policy was introduced in most regions1. Family planning policies that
imposes birth quotas put parents in a trade-off between having male children and female children.
Due to traditional son preference and the availability of ultrasound prenatal screening, parents have
stronger incentive to conduct sex-selective abortions to female fetuses.
As a consequence of the male-biased sex ratio at birth during the 1980s and the 1990s, there is
an excess supply of males in the contemporary marriage market. Ebenstein and Sharygin (2009)
predict that the age at the first marriage will keep increasing and that some 10.4 percent of these
additional males will fail to marry, which will lead to undesirable social consequences such as sex
crime and sexually transmitted infections. In this paper, I will provide updated evidence of the
relationship between the sex ratio and the age at the first marriage based on new data from the
Chinese Family Panel Study (CFPS) 2014 for younger Chinese cohorts.
In order to establish the causal effect of the sex ratio on the timing of the first marriage, we have
1The policy excludes a few households such as ethnic minorities, people with disabled children, living in remote
regions and so on. More details will be provided in Section 5.2.
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to account for the confounding factors that affect the sex ratio and the duration of marriage search
simultaneously, for example, the marriage tradition. In less developed areas, the marriage tradition
is more conservative. Both son preference and early marriage are more favored. If the sex ratio
has negative effects on the probability of getting married, there would be an underestimation of the
effect if we would ignore these confounding factors.
To deal with the endogeneity of sex ratio, I exploit the exogenous variation of the so-called
“one-and-a-half-children" policy across provinces and cohorts, which has never been done in the
literature. The 1.5-children policy, a major relaxation of the one-child policy, was introduced in
rural areas between the mid-1980s and the 2000s in 20 out of 31 provinces, which covers 54% of
the Chinese population. It was introduced to facilitate the practice of family planning and control
overall population, allowing allows rural couples to have a second birth free of penalty only if the
first child is female. Provided that the first child is a girl, the 1.5-children policy increases the
incentive of eligible families to give birth to boys at higher order births. Therefore, this exogenous
policy shock can increase local sex ratio in addition to the existing one-child limit.
Researchers have begun to focus on the consequences of family planning policies in China
since the 1990s. The one-child policy is found to increase sex ratio of males to females at birth
(Ebenstein, 2010; Hull, 1990; Li et al., 2011; Tuljapurkar et al., 1995; Zhang, 2017). During the
last decade there are quite a few literature studying the consequences of the one-child policy on
the labor market (Wang et al., 2017), the marriage market (Du et al., 2015; Ong et al., 2015) and
children outcomes (Ahn, 1994; Li and Zhang, 2017; Li et al., 2016; Liu, 2014). However, to my
knowledge there is no literature explicitly studying the policy relaxation of the one-child policy. The
major contribution of this paper is to exploit the variation of the 1.5-children policy implementation
across cohorts and regions as exogenous shocks to sex ratio.
A few literature use alternative identification strategies to account for the endogeneity of sex
ratio. For example, Li et al. (2011) examine the effect of the one-child policy on sex ratio
by comparing Han people and ethnic minorities before and after the one-child policy. Their
identification strategy relies on the strong assumption of a common trend in sex ratio between
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Han people and ethnic minorities. However, ethnic minorities are not the ideal control group for
marriage outcomes because of the cultural difference. The 1.5-children policy relaxation was only
introduced in Han-populated provinces with strict family planning policies. This setting provides
more comparable treatment and control groups of Han people than we compare Han and ethnic
minorities. Other literature exploit the exogenous variation of the fine for violating the one-child
limit (Ebenstein, 2010; Wei and Zhang, 2011). However, the financial penalty is a less suggestive
predictor for sex ratio than the 1.5-children policy change. This is because the amount of fine may
depend on the discretion of the local family planning offices in practice. Moreover, households are
not well informed about the time-varying amount of the fine in rural areas. Instead the 1.5-children
policy made it clear to households whether they are eligible for a second birth.
According to the linear models, I find that the sex ratio of post-reform cohorts increases by 3 to
5 percentage points, and probability of marriage decreases by 6 percentage points for males and 3
percentage points for females. After including control variables and the cohorts’ population size, a
male-biased sex ratio should be the main channel of policy effects on marriage.
The second contribution of this paper is to use hazard models to study the age at the first
marriage. The age at the first marriage can be viewed as the duration of the marriage search.
Previous literature have examined the consequences of a biased sex ratio on static marriage matching
outcomes (Abramitzky et al., 2011; Angrist, 2002; Charles and Luoh, 2010; Francis, 2011). Based
on historical data, Angrist (2002) finds that an excess supply of males increase the probability
of marriage for women by exploiting the exogenous variation of immigration inflows during the
nineteenth century in the US. By studying historical events in Taiwan, Francis (2011) finds a
reduction in dowry relative to bride price for local females as a large number of male solders
retreated from mainland China to Taiwan during the 1950s. Similarly, Abramitzky et al. (2011)
find that males married up after the large negative shock that WWI caused to the number of French
men. Charles and Luoh (2010) find that a higher male imprisonment appears to have lowered the
likelihood that women marry. Furthermore, a few other literature address the relationship between
sex imbalance and children outcomes (Bitler and Schmidt, 2012, 2015; Mechoulan, 2011). Bitler
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and Schmidt (2012, 2015) find a reduction in birth rates with the drop in the share of males in the
marriage market induced by the Vietnam draft in the US. Mechoulan (2011) finds that black male
incarceration lowers the odds of black non-marital teenage fertility.
Unlike previous literature studying equilibrium effects in the marriage market, I model the
dynamic hazard of getting married which predicts the duration of the marriage search. The
duration of the marriage search plays a fundamental role in a real context. As the age at the
first marriage rises and the number of unmarried people increases in a society, there would be
changes in marriage tradition, gender roles, human capital investment, labor supply, consumption
and investment and so on. For instance, the crime rate is positively dependent on a large number of
unmarried males (Edlund et al., 2013). Besides, the age at the first marriage also relates to the age
at parenthood, which is crucial to potential fertility, family size, and health outcomes of mothers
and children. If parents get married and give birth at an elder age, adverse reproductive effects may
occur, such as an increasing risk of infertility and infant mortality.
Conceptually, if there is a shortage of females in the marriage market, males will have to invest
more time in human capital to increase competitiveness, make more marriage proposals and lower
the reservation wage of marriage. In contrast, females set a higher reservation wage of marriage and
become more patient in marriage search, in response to an excess supply of males. Therefore, the
net effect of sex imbalance on search duration remains ambiguous, unlike the equilibrium effects
which can be predicted by Becker (1973)’s standard theory of marriage.
The main dataset to analyze is the latest 2014 wave from CFPS. Sex ratio measures are calculated
based on the Chinese Census 2000. Since I study how past fertility shocks in the 1980s and the
1990s affect contemporary marriage market, a large number of young adults are still in active
search at the end of our observed spell. I employ a hazard model to analyze the determinants of
the transfer from the single status to marriage. To account for unobserved heterogeneity, I use the
mixture proportional hazard (MPH) model with nonparametric unobserved heterogeneity following
a distribution of two discrete mass points, as suggested by Heckman and Singer (1984). My main
finding is that the a high sex ratio of males to females significantly delays the first marriage for
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both genders. By examining the direct policy effect, I find that the 1.5-children policy decreases
the hazard rate of the first marriage by 29% for males and by 13.5% for females. Highly-educated
individuals are more likely to delay the first marriage in response to changes in sex ratio. The fact
that females also delay marriage suggests that females set a higher reservation wage of marriage in
response to an excess supply of males.
The paper is set-up as follows. In Section 2, I introduce background for the 1.5-children policy.
In Section 3, I provide data description. Section 4 discusses the identification strategy and the
models. Section 5 presents the parameter estimates. Section 6 provides sensitivity checks. Section
7 concludes.

5.2

Background: the One-and-A-Half Children Policy

After the one-child policy was first introduced in 1979 in China, a series of family planning policies
were introduced later on to allow extra births for minority groups, for instance, ethnic minorities,
residents in remote areas, couples who are both the only children of their original families, couples
whose first children are disabled and so on. As a major relaxation of the one-child policy2, 20
provinces implemented the 1.5-children policy in rural areas between the mid-1980s and the 2000s.
The relaxation is conditional on the gender of the first child, allowing couples registered in rural
areas to have a second child only if the first is female. If the first is male parents can only have
one child. In most Asian countries, the son preference tradition emphasizes the importance of
continuing the family line through the male offspring. Practically, elderly parents live on the
remittance of their sons, while daughters are not obliged to take care of elderly parents. As a result,
people in less urbanized areas are willing to give extra births to ensure the birth of a son despite
violating birth quotas and paying fines. Therefore, the 1.5-children policy was introduced as a
compromise of the tradition, thus reducing the financial burden of rural residents and reaching the
2Chinese fertility policies impose a one-child limit on urban residents (35%), a 1.5-children limit on rural areas
(54%), a two-(10%) or three-children (1%) policy limit for provinces in remote areas by 2007 (Ebenstein, 2010).
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policy goal of controlling the overall population size.
There are at least three conditions that sex ratio at birth can be intervened: the son preference,
ultrasound technology and birth quotas. First of all, the son preference is the root of all sex-selection
practices. Second, ultrasound screening devices makes it possible to accurately identify the gender
of the fetus at the fifteenth to sixteenth weeks of gestation. Local access to ultrasound devices has
resulted in a substantial increase in sex ratio at birth in China since the early 1980s (Chen et al.,
2013). Third, family planning policies impose birth quotas, which parents face a trade-off between
raising boys and girls (Ebenstein, 2010).
As an unintended consequence of the 1.5-children policy, it worsens sex imbalance due to the
prevalent sex-selective abortions at higher order births. First of all, couples whose first child is a girl
have strong incentive to give a second birth in order to have at least one son, while those whose first
child is a boy are neither allowed nor willing to give further births at the cost of fines. Compared
with parents at the first birth, parents at the second birth are more likely to conduct sex-selective
abortions. Moreover, the 1.5-children policy that treats the first-born boys and girls differently
will favor the son preference tradition. There could be spillover effects from the second birth to
higher order births. Besides, sex-selective abortion is rare at the first birth despite policy changes.
Abortion is known to be harmful for maternal health and it is associated with secondary infertility
(World Health Organization, 2008). So parents at the first birth are reluctant to conduct abortions
at the first birth, in order to avoid the risk of being childless. Therefore, we should anticipate an
increase in sex ratio at birth of post-reform young cohorts.
In Table 5.1, I summarize the timing of the 1.5-children policy implementation in 31 provinces
of mainland China. 20 provinces have adopted the policy in rural areas since the mid-1980s, 6
provinces (including directed-controlled municipalities) did not allow a second birth, while in 5
provinces (mainly ethnic minority autonomous regions) the second or third births are generally
allowed in rural areas and for ethnic minorities. There is much variation in the timing of policy
implementation across regions.
In Table 5.2, I present the sex ratio at birth and the share of births according to area and parity,
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based on aggregate birth data from November 1999 to October 2000 in the Chinese Census 2000.
In all areas sex ratio at birth increases with birth order, suggesting that the share of sex-selective
abortion grows with birth order. However, the sex ratio at the first birth does not deviate too much
from the natural sex ratio range that varies between 1.02 and 1.08. It is also clear that the majority
comply with the one-child limit, especially in urban areas where 85% births are the first births.
Furthermore, if I compare rural areas with the 1.5-children policy and those without the policy,
the share of the second and higher order births is larger by 11.4% and the sex ratio at birth is 6.4
points higher. Despite a small decrease in the sex ratio at the first birth, it is more male-biased as
birth order increases. Therefore, the net effect of the 1.5-children policy in rural areas is to increase
the sex ratio at birth. Without the policy relaxation rural areas have close the similar sex ratios at
each order to urban areas.
Finally, rural areas in 5 minority-populated provinces are not subject to strict family planning
and they have less biased sex ratios and higher fertility. In summary, I find that fertility policies
contribute to a rise in sex ratio by 15.3 points: the one-child policy accounts for 8.9 points, and the
1.5-children policy accounts for a further 6.4 points.

5.3
5.3.1

Data
Description

The data used in this paper is from China Family Panel Studies (CFPS), a national representative
biannual longitudinal survey from 2010 onwards by the Institute of Social Science Survey of Peking
University. It collects rich retrospective information about marriage and fertility of sampled family
members, as well as their demographic characteristics. I merge the data from the latest 2014 wave
to earlier waves, in order to construct complete marriage history.
I use aggregate population statistics by province and by age from the Chinese Census 2000 to
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construct sex ratio measures3. I define two sex ratio measures, that is, the number of males to
females at every age and in a matched age range of potential partners. The first measure is quite
straightforward.
SexRatiopt =

Pmale,pt
P f emale,pt

(5.1)

where Pmale,pt is the male population born in year t in province p and P f emale,pt is the female
population. To construct the second measure, I first match all the married couples aged younger
than 60 from the Chinese Census 2000 to simulate the matching preference in marriage market.
The assumption is that matching preference does not differ substantially from 2000 to 2014. There
are two major conclusions from Table 5.A1. First, 94.3% of the couples are from the same province
of origin, perhaps due to cultural affinity. Therefore, I define the marriage market at the province
level. In this sense, gender-specific pattern of internal migration will not bias the calculation of
sex ratio. Internal migrants will have preference for partners from the same origin. This method
is based on Angrist (2002) who calculates sex ratio of immigrants based on the country of origin.
Second, the age gap between husbands and wives ranges from -1.33 to 5.17 years from the bottom
10th to the top 10th percentile. Males marry females aged from 5 years younger to one year elder,
while females marry males aged one year younger to 5 years elder. Therefore, the sex ratio in a
matched marriage market is given as follows for males and females respectively:
SexRatiomale,pt =

SexRatio f emale,pt =

5
Σn=−1
Pmale,p(t+n)
5
Σn=−1
P f emale,p(t+n)

(5.2)

1
Σn=−5
Pmale,p(t+n)
1
P f emale,p(t+n)
Σn=−5

3Sex ratio is assumed not to change substantially due to the low mortality rate of young adults from 2000 to 2014.
According to the Chinese Census 2000, the annual mortality rate is 0.55 ‰, 0.42‰, 0.63‰ and 0.97‰ for people
aged 5-9, 10-14, 15-19 and 20-24 in 2000. Male mortality rate is slightly higher than female morality rate at every age
group. Accumulated mortality rate will be as low as 0.4-1.3% for people aged 18-43 in 2014 by a back-to-the-envelope
calculation, which can hardly cause any change in sex ratio.
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where Pmale,p(t+n) is the male population born in year t + n in province p and P f emale,p(t+n) is
the female population. I restrict my analysis to individuals born from 1971 to 1996, aged from
18 to 43 in 2014. I exclude the ethnic minority populated provinces and autonomous regions
where the majority of the population is not subject to strict family planning. For the rest of the
analysis, I group provinces by their status of policy implementation by 1996: 14 treated provinces
and 12 control provinces (see Appendix Figure 5.A1). In Table 5.3, I provide summary statistics
of the characteristics by province and by cohort. I split the sample by 1989, the median year
when the 1.5-children policy was adopted in treated provinces. First of all, I do not find much
difference in demographic characteristics between treated provinces and control provinces, except
that individuals in control provinces have slightly lower education attainment. Second, regardless
of province of origin, younger cohorts have higher education attainment, better educated parents,
less work experience and fewer siblings.
In the last few rows, I compare marriage characteristics and sex ratios by province and by
cohort. Age at first marriage is around 23 years old for elder cohorts, but 21 years old for younger
cohorts. This is because age at first marriage is only available for married people, and many young
individuals have not married yet. Besides, it is not surprising that elder cohorts have a higher
probability of being married as well as a higher probability of having a child by 2014 in both
groups. Interestingly, the gap in sex ratio between young and elder cohorts is larger in the treated
provinces than the control ones. Without accounting for other factors, the 1.5-children policy has
a positive treatment effect on sex ratio by about 4 to 5 points.

5.3.2

Stylized Facts

Figure 5.1 presents the sex ratio pattern by birth year and treatment separately. In both treated
and control provinces sex ratio increases drastically after 1979 when the one-child policy was first
introduced, while sex ratio remains at natural level in minority-populated provinces. The treated
provinces experience a faster rise in sex ratio than the control provinces in 1990s because of the
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1.5-policy relaxation. There is not much difference in sex ratio between the treated and control
provinces during 1985-1990, implying that the 1.5-children policy was not introduced to meet the
son preference in treated provinces.
In Figure 5.2 I present direct evidence for the link between sex ratio and policy change. I
normalize calendar years relative to the timing of policy implementation for 20 treated provinces.
Based on linear regressions of sex ratio at birth on year dummies, the graph plots coefficients of
the 10 years’ span. It is clear that the 1.5-children policy change increases sex ratio of post-reform
cohorts, and the effect grows larger across years. This long-lasting effect implies that parents make
fertility decisions to give more births a few years after the policy relaxation.
The increasing sex ratio is accompanied with a lower probability of being married and an
increasing age at first marriage. Figure 5.3 shows the trend of age at first marriage by gender based
on aggregate marriage data from the Chinese Census 2010. From 1990 to 2010 age at the first
marriage rises by around 2 years for both genders, and the age gap between husbands and wives
do not increase. In Figure 5.4 I plot the hazard rate of first marriage and cumulative probability of
being married by gender and treatment. I assume marriage search starts at 12 years old onwards4 5. I
separate the treated individuals (post-reform cohorts in treated provinces) from control individuals.
The general pattern of the cumulative probability of entering the first marriage is different between
the treated group and the control group. The treated group substantially delays the first marriage
especially for males. Around 50% males and 70% females are married at age 25 for the control
group, while only 25% males and 50% females get married at age 25 for the treated group. The
treated group is not observed after age 29 because the 1.5-children policy was not introduced until
1985. In the lower graph of Figure 5.4, the treated group have a lower hazard rate at each age from
20 to 30, and age at first marriage is more spread out.

4Legal minimum marriage age is 22 for males and 20 for females in China since 1980. People in some rural areas
have the tradition to marry earlier than the minimum age. Respondents self-report age at actual marriage in CFPS.
5Individuals married earlier than 12 are dropped from my sample. Children marriage is very rare in China, taking
up less than 0.3% marriages of my sample.
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5.4
5.4.1

Model
Identification Strategy

To deal with endogeneity of sex ratio I exploit the exogenous variation of policy implementation
across provinces and cohorts. Some provinces adopted the 1.5-children policy shortly after the onechild policy while other provinces did not relax one-child limit until 2000s. The key identification
assumption is that the policy change is exogenous to future marriage outcomes. This is very
likely to be the case because the unintended consequences of the family planning policies on
sex ratio and future marriage market were not concerned by researchers and policy makers until
1990s (Hull, 1990; Yi et al., 1993). Controlling population size remains the major policy goal till
20156. Moreover, if the introduction of the 1.5-children policy reflects existing son preference and
marriage tradition, we should expect that the treated provinces have more male-biased sex ratio for
pre-reform cohorts. Nevertheless, Figure 5.1 shows that sex ratio of the treated provinces was lower
than the control provinces from 1979 to 1985. This implies that pre-reform son preference is not
the major driver for the 1.5-children policy. More importantly, the timing of policy change should
not be anticipated by the general public during 1980s. Parents did not have access to information
about family planning policy relaxation as we do through media today. And parents are not allowed
to endogenously move to other provinces with less strict family-planning. Finally, in table 5.4 I
regress post-reform dummies on time-varying province characteristics, such as log of population
size, net population growth rate, log of GDP per capita, employment rate and their lags etc. Before
province and year fixed effects are controlled, time-varying province characteristics are jointly
significant. Provinces with a higher GDP and a larger population are likely to adopt the policy
relaxation earlier. After I control province and year fixed effects, the policy implementation is not
correlated with all the explanatory variables at 10% level, regardless of including their one-year,
two-year and three-year lags. It implies that the policy implementation is exogenous conditional on
6The new two-children policy was effective from January 1, 2016, allowing all Chinese couples to have at least two
children. It was proposed to ease the pressure of aging in China.
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province characteristics and fixed effects. From Figure 5.A1, the 1.5-children policy was adopted
first in southern provinces and then in central and northern provinces. By 1996 there are still 12
untreated provinces which is only subject to the one-child policy. Some neighboring provinces
which are known to have similar culture implemented the policy relaxation at very different years.
In the first part of analysis, I establish a causal link between the 1.5-children policy and sex
ratio based on a DID approach.
SexRatiopt = ρTreat p × Post_Re f ormpt + γ p + θ t +  pt

(5.3)

where SexRatiopt refers to sex ratio at province p and cohort born in year t. Treat p is the treatment
dummy which equals to 1 for provinces which have ever allowed policy relaxation and 0 otherwise.
post pt is a dummy for cohorts born post-reform at province p. So the term Treat p ×Post_Re f ormpt
can be reduced as Post_Re f ormpt . I also control province fixed effects γ p and cohort fixed effects
θ t . As an alternative specification, I can include province time trend, that is, the interaction between
province fixed effects γ p and a linear time trend t.
As the policy implementation is exogenous to future marriage outcomes, Post_Re f ormpt can
be used as an instrumental variable to sex ratio. By 2SLS estimation I can investigate causal effects
of sex ratio on marriage outcomes. At the first stage I use individual level data to regress sex ratio
on the post-reform dummy. I also include observed characteristics which may explain parental
selection of birth place and birth year.
0
SexRatioipt = ρPost_Re f ormpt + Xipt
β + γ p + θ t + ipt

5.4.2

(5.4)

Model Set-up

In this part I set up a model to estimate the effect of sex ratio on the timing of the first marriage.
As an exploratory analysis I first use a simple linear model to show that the 1.5-children policy can
affect marriage probability through the channel of sex ratio. As the policy change is exogenous to
111

future marriage market, it can also be used as an instrumental variable to sex ratio to identify the
causal effect of sex ratio on marriage rate. The reduced-form 2SLS estimation shows the direct
policy effect of the 1.5-children policy:
0
Mipt = ρPost_Re f ormpt + Xipt
β + γ p + θ t + ipt

(5.5)

where Mipt is a binary variable for being ever married by 2014 for individual i.

In the baseline I model the dynamic hazard rate of starting the first marriage using a mixed
proportional hazard model. This is to correct for the right censoring problem. Young individuals
are observed to be unmarried not because they can never find partners, but they have a lower
baseline hazard. There will be an overestimation of the negative effect of sex ratio on marriage
hazard if we use linear models. The hazard of getting married at time t conditional on observed
characteristics Xipt (education in year, height dummies, Han ethnicity, a dummy for Urban Hukou,
a dummy for studying at school, a dummy for ever worked, dummies for parents’ education level,
number of siblings), province fixed effects γ p , cohort fixed effects θ t and unobserved characteristics
νipt , is specified as follows:
0
θ(t|X, γ p ) = λ(t, α) exp(Xipt
β + ρPost_Re f ormpt + γ p + θ t + νipt )

(5.6)

where ρ is the parameter for direct policy effects. The duration dependence is flexibly modeled
using a step function:
λ(t, α) = exp(

Õ

λ k Ik t)

(5.7)

k

where Ik (t) are time-varying dummies for subsequent age intervals. I estimate a constant and
normalize the duration starting from age 12. The age intervals are specified as 12-15, 16-20, 21-25,
26-30, elder than 30. The conditional density function for the completed duration until one starts
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the first marriage can be written as:
f (t|X, ν, γ p ) = θ(t|X, ν, γ p ) exp(−

∫
0

t

θ(t|X, ν, γ p )ds )

(5.8)

Besides observed characteristics, policy change dummy and fixed effects, there are unobserved
factors affecting age at first marriage. I assume that these unobserved factors ν follow a discrete
distribution G with two points of support (ν1 , ν2 ), representing two types of individuals, one with
a low marriage rate and the other with a high marriage rate. The probabilities for each type are
defined as: Pr(ν = ν1 ) = p, Pr (ν = ν2 ) = 1 - p, where p is assumed to have a logistic distribution
exp α
(1+exp α)

where α is a constant. To account for the fact that we only observe age in integer we specify

the log-likelihood function as follows:
n
Õ

di log[F(ti − 1) − F(ti )] + (1 − di )log[1 − F(ti )]

(5.9)

i=1

where d is a dummy indicating whether the individual starts the first marriage in the age interval
t − 1 to t.

5.5
5.5.1

Results
Results from Linear Models

In Table 5.5, I estimate the effect of the 1.5-children policy on sex ratio at both province level and
individual level. In Panel A I regress sex ratio at each age on the post-reform dummy, province fixed
effects and cohort fixed effects at aggregate level. In column (1) post-reform cohorts in the treated
provinces have a higher sex ratio by 3.2 points. In column (2) I include a province linear trend
to account for province-specific shocks. In column (3) more province characteristics variables are
controlled, such as log of GDP per capita, log of overall population and net population growth rate.
In column (4) I examine a shorter time span only for younger cohorts born after 1979 when the
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one-child policy was implemented. All these sensitivity checks suggest consistent results. In panel
B and C, I show the relationship between sex ratio and the policy change using CFPS individual
level data. The policy implementation is associated with a 4.8 points’ increase in sex ratio for
males, and 3.7 points for females. The reason for gender difference is that we put different weights
by population size of each province and cohort. Individual sample in CFPS survey is representative
at country level. The results are also robust against several checks. When adding province linear
trend in column (2), I find smaller effects on sex ratio because province-specific timing varying
components are removed. In column (4), I use the alternative sex ratio measure defined on the
matched age group in marriage market, and find very robust estimates. As for individual analysis,
a few individual characteristics can explain sex ratio, such as parent’s education, but not much. In
general these controlled characteristics play a less important role in determining sex ratio.
Table 5.6 presents the OLS estimates for the effect of sex ratio on the probability of being
married. The dependent variable is a dummy for ever married or not. I present the results from a
simple linear probability model. First of all I regress sex ratio at each age on marriage probability by
gender. In column (1), I control all individual characteristics and fixed effects. One point increase
in sex ratio will decrease the probability of marriage by 0.30 percentage points for males and 0.19
percentage points for females. In column (2), province time trends are controlled. The results of
the effect on sex ratio are very robust. In column (3) where I examine younger cohorts exposed
to the one-child policy, sex ratio has larger effects on probability of marriage for both genders.
The next column shows the results from the alternative specification using sex ratio of the matched
age group. The estimates are slightly smaller but again robust. Finally, I control the logarithm
of population size in 10,000 at cohort t in province p. This is to rule out the positive effect of
cohort size on marriage market (Bronson and Mazzocco, 2016) which means that marriage market
is thicker and marriage search is more efficient in a large cohort. Though a smaller cohort size
can explain the decrease in marriage probability, sex ratio remains the major channel. At least one
point increase in sex ratio still leads to a decrease of 0.19 percentage points for males’ marriage
probability and 0.12 for females.
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In table 5.A2 I show the effect of sex ratio on probability of getting marriage at a certain age7,
20, 23, 25, 28 and 30. Because young cohorts are in active search in marriage market, it makes
more sense to investigate marriage probability by age than marriage probability in 2014. First of all
sex ratio is not associated with early marriage before age 20. Second, for males a high sex ratio is
associated with a lower probability of getting married by age 23 and onwards, though the estimates
are not always significant due to smaller sample size. Third, for females a male-biased sex ratio
decreases probability of getting married by age 23 to 28, but at age 30 sex ratio no longer plays a
role.
Up to now I only look at the raw correlation between sex ratio and probability of being married.
In Table 5.7 I show the effects of sex ratio based on 2SLS estimation by using the 1.5-children
policy as an instrumental variable. As discussed before, the 1.5-children policy is considered as an
exogenous shock to future marriage market. In column (1) - (5) I present results from the second
stage regression of 2SLS estimation. One point increase in sex ratio decreases marriage rate by
1.3 percentage points for males and 0.9 for females. When I control a province linear trend, the
effect of sex ratio on marriage is similar in size though less significant for males. But it is much
smaller for females. When I only look at younger cohort, I find that sex ratio has smaller and less
significant effects for both genders. In column (4) I include cohort size as in Table 5.6 and find
smaller but pronounced effects of sex ratio. In column (5) I use the alternative sex ratio measure
as the independence variable, and find that a slightly larger effects for males and smaller effects for
females. This may be because males marry younger females who are more exposed to the policy
change.
In column (6) I report results from a reduced-form 2SLS which directly regresses marriage
probability on post-reform dummy. Males born in the treated province after the policy shock
experience a lower probability of getting married by 5.9 percentage points, while the effect on
females is smaller, only 3.2 percentage points. The major channel of the direct policy effects is a
7It is not possible to obtain meaningful policy treatment effects or 2SLS estimates. As the treated group are younger
cohorts, the size of treated sample shrinks a lot as I select sample elder than a certain age
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higher sex ratio as I rule out cohort size and still obtain robust estimates. Comparing 2SLS with
OLS in Table 5.6, the 2SLS estimates are almost four times of the OLS estimates, implying that
the effect of sex ratio on probability of being married is underestimated and confounded by other
factors, such as local tradition of early marriage.

5.5.2

Baseline Results

Up to now I do not take into account the fact that young individuals are righted censored by the
surveyed year 2014. If we treat unmarried younger cohorts as those who fail to match in marriage
market, the effect of sex ratio on the hazard rate of marriage will be overestimated. In Table 5.8,
I present the major estimates from the MPH models with step duration dependence and discrete
unobserved heterogeneity of two mass points. First of all, in column (1) I examine how sex ratio
determines the timing at the first marriage. For both males and females marriage is delayed by
a male-biased high sex ratio, but the effect on females is less significant and smaller especially
when I use the sex ratio at each age. For instance, a 10-point increase in sex ratio will decrease
the hazard rate of getting married by 9.1% (= exp(−0.951/10) − 1) × 100) for males and 5.3%
(= exp(−0.541/10) − 1) × 100) for females. The effects are still large and significant in the baseline
when I use the MPH model to correct for overestimation from right censoring, though we cannot
directly compare the size of estimates from linear models and MPH models. In column (2) I use
sex ratio of the matched age group and find less significant effects for both genders, but the size
of estimate is still large. Moreover, I combine a DID approach with the MPH model in column
(3) and estimate the direct effect of the 1.5-children policy on duration of marriage search. Males
treated by the 1.5-children policy have a lower hazard rate of starting the first marriage by 29%
(= exp(−0.342) − 1), and the effect is 13.5% (= exp(−0.145) − 1) for females.
In this case the parameters coefficients for unobserved heterogeneity are usually small and
insignificant, implying that there is not much distinction between the high hazard and the low
hazard groups. The parameter coefficients from MPH models for sex ratio and treatment should
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be close to hazard models without unobserved heterogeneity (see parameter coefficients from Cox
models in appendix table 5.A3).
Besides sex ratio and policy change, control variables also have much impact on the timing
of first marriage. After I model stepwise duration dependence for each age interval, cohort fixed
effects still have pronounced effects which reflects varying marriage trend. Elder cohorts have a
higher hazard of starting marriage. Highly educated individuals delay the first marriage compared
to those with junior middle school degree or lower, and the effect of high education is stronger for
females than males. Being taller and working experience shortens duration of marriage search,
while having urban Hukou, more siblings or better educated parents have the opposite effects.

5.5.3

Mechanisms

The estimates above suggest that a biased sex ratio can be an important cause of delaying marriage.
To establish causal evidence, I examine direct policy effects on marriage and argue that the major
channel is sex ratio. As the policy change is exogenous to pre-reform sex ratio and future marriage
market, it is safe to assume that the policy does not affect marriage market through other channels
as I discuss in Section 4.
Up to now the key issue is to interpret the mechanisms why a high sex ratio delays the first
marriage. Regardless of measure I can find a negative effect exists for both genders, though the size
and significance is always smaller for women. Most previous literature obtain consistent findings
that males have lower marriage rate in equilibrium when sex ratio is male-biased and vice versa
(Abramitzky et al., 2011; Edlund et al., 2013; Francis, 2011; Mechoulan, 2011). In a dynamic
view, males delay the first marriage because they spend longer time accumulating human capital
and wealth to increase competitiveness in marriage market. It is not bold to predict that males at
the lower tail would remain single permanently. My finding is in line with the standard predictions
of the long-run equilibrium effects when offer arrival rate.
However, the fact that females also delay the timing of first marriage is inconsistent with the
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standard prediction above. In response to more males in marriage market, females should be easier
to find partners and have higher marriage rate in equilibrium. But my opposite finding is not
surprising because most previous empirical studies investigate equilibrium effects using historical
data or ignoring right-censoring. For example, Edlund et al. (2013) examine the probability of being
never married over a wide age range 15-45 where a large number of sampled individuals complete
marriage search. Since I analyze individual data for younger cohorts who have not completed
searching in marriage market, my finding of search duration does not necessarily predict the result
of market equilibrium.
There could be several theoretical mechanisms why females also delay marriage. In search
theoretical models, increasing job arrival rate leads to two opposite effects on hazard, but it is
hard to predict the direction of the net effect. In this context women have a higher probability of
receiving marriage offers as there are more males in marriage market. At the same time women
are more selective in the face of the increased opportunity to get married and set higher reservation
wage. The sign and magnitude of the net effect is hard to predict. It depends on other factors
affecting the strategy of marriage search, such as distribution of males’ quality, subjective rate
of discount and so on (Flinn and Heckman, 1982, 1983; Van den Berg, 1994). Although hazard
rate increases with job arrival under conventional assumptions of wage offer distribution, search
duration is still found to increase with reservation wage in other cases (Jones, 1988). As a response
to the imbalanced marriage market, females learn that they can receive more marriage proposals
thus set higher reservation wage of marriage. In the Chinese context, for example, brides’ families
request higher bride price from grooms. Sex ratio is found to favor preference for “hypergamy”
(Du et al., 2015) that women marry up in areas with a high sex ratio. Thus, the positive effect of
sex ratio on females’ marriage rate will be offset by these mechanisms, so the estimated net effect
is that females also spend more time in marriage search.
Second, females have larger bargaining power in society when there are a shortage of females
in marriage market, so young women have higher educational attainment, more economic independence and fewer children (Francis, 2011). Investing in education and career also results in longer
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duration of marriage search. On the other hand, advantage in marriage market hinders investment
in education for female, which is implied by Angrist (2002). Using my sample I find a modest
negative relationship between education attainment and sex ratio at birth for females while no effect
for males. More years spent in education could not be a major mechanism that females’ marriage
is delayed by a high sex ratio.

5.6

Sensitivity Checks

In this part I provide several sensitivity checks for the effects of the 1.5-children policy to validate
the causality. The policy change is targeted on households registered in rural areas, so it should
have larger impacts on the province and cohort with a high share of eligible rural population. In
panel A I use a new specification that includes the interaction of post-reform dummy with share of
rural population at province p and cohort t. The hazard function is modeled as:
0
θ(t|X, γ p ) = λ(t, α) exp(Xipt
β+ρPost_Re f ormpt +δPost_Re f ormpt ×Share_Ruralpt +γ p +θ t +νipt )

(5.10)
If the 1.5-children policy really causes changes in marriage market rather than province-specific
trends, we should anticipate that marriage is more delayed when share of rural population is
higher. The findings in Panel A suggest that if share of rural population is higher the effects of
policy change on marriage timing are larger for both genders, though the coefficient of post-reform
dummy becomes small and insignificant. This implies that the policy change has caused longer
duration of search.
The second sensitivity check is to examine the long-run effects of the 1.5-children policy. As
suggested in Figure 5.2 sex ratio rises over 5 years after the policy change, it is interesting to
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examine how long the policy impact exists. The hazard function is modeled as:
0
θ(t|X, γ p ) = λ(t, α) exp(Xipt
β+ ρ1Y ear1,pt + ρ2Y ear2,pt + ρ3Y ear3−4,pt + ρ4Y ear5+,pt +γ p +θ t +νipt )

(5.11)
Y earn,pt refers to a dummy for the first, second, third and fourth, and fifth or later years after the
policy change. From panel B for both genders the large and significant policy effects occur from
the third year onwards, which is consistent with figure 5.2. It implies that parents make fertility
decisions and give an extra birth at least three years after the policy implementation. So the sex
imbalance in marriage market will be more significant in the long run.
In panel C I present a placebo test where I simulate timing of policy change across provinces.
First I randomly allocate policy change to 20 out of 26 provinces in my sample. Then I randomly
choose a year from 1984 to 2002 as timing of policy implementation. From the results there is
no significant relationship between the simulated post-reform dummy and hazard of first marriage,
and size of the estimates are very small for both genders.
To disentangle the mechanisms of the findings, I examine heterogeneous effects by level of
education. I add the interaction of post-reform dummy and education dummies to the models. For
males the estimated coefficient of post-reform dummy is still significant at a 10% level on the lower
educated sample. High educated individuals delay marriage more than lower educated sample in
response to the policy change, though the heterogeneous effects are not significant. For females,
there is little delaying effect of post-reform on marriage timing on lower educated individuals, but
the delaying effect is substantially driven by high educated sample. This is consistent with Ong
et al. (2015) that high-educated women have lower marriage rate in areas with a high sex ratio due
to reference-dependent matching preference using experimental data and OLS models. The fact
that low-educated men and high- educated women delay marriage more than other groups implies
that women develop stronger preference for marrying up and set higher reservation wage as a result
of the male-biased sex ratio.
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In the last panel I present the policy effect on hazard rate of first birth. Duration until birth of
the first child is modeled as the period between age 12 to age at first birth. The MPH model gives
very close estimates with the baseline for duration of marriage match for both genders. This is
because non-marital births are rare in China. Delayed marriage results in late birth which affects
children’s outcomes.

5.7

Conclusions

This paper studies how sex imbalance in the marriage market affects timing of the first marriage.
It is the first to study the 1.5-children policy, a major relaxation of the one-child policy, as an
exogenous shock to endogenous sex ratio. This policy allows extra births conditional on the gender
of the first child in 20 provinces from mid-1980s to 2000s. Due to son preference at higher order
births, this reform results in a higher sex ratio of males to females and an excess supply of males
in marriage market after 2000s. Based on data from CFPS 2014 and the Chinese Census 2000,
I estimate the effect of sex ratio on timing of the first marriage using a DID approach and MPH
models. The 1.5-children policy is found to increase sex ratio by 3-4 points. The estimates from
hazard models suggest that the policy change significantly delays the first marriage for both males
and females, though the effect is smaller and less significant for females. These results suggest
that sex imbalance is not only associated with equilibrium marriage outcomes, but also duration
of marriage search. It implies a later age at parenthood, less fertility and changes in household
structure. Besides, females’ advantage in marriage market has reduced sex ratio at birth of the next
generation (Li et al., 2016).
To reconcile the difference between my finding and standard theoretical prediction for females,
one should notice that my finding does not necessarily suggest equilibrium effects on static marriage
outcomes. One interesting speculation would be that females can endogenously increase reservation wage of marriage in an unbalanced marriage market. Although reservation wage cannot be
observed, in the future indirect evidence can be provided by using new marriage data, for example,
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examining the relationship between sex ratio and gap of characteristics between couples, matching
quality, marriage duration and so on. If a biased sex ratio contributes to preference for marrying up,
we should anticipate that females have increased reservation wage and they are more satisfied with
marriage quality. It also can be predicted that high-educated females and low-educated males are
crowed out of marriage market and have longer duration of search. Besides, more theoretical research is needed to characterize how wage-offer distribution and preference plays a role in duration
of marriage search in face of sex imbalance.
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Figure 5.1: Sex ratio by birth cohort and treatment

Note: Treated provinces are referred to as 14 provinces where the 1.5-children policy has ever been introduced by
1996. Control provinces are 12 provinces where the policy was introduced later than December, 1996 or never
allowed. Other provinces refer to 5 ethnic-minority populated provinces.
Data source: Chinese Census 2000.
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Table 5.1: Implementation of the “1.5-children policy” by provinces
Province
Beijing
Tianjin
Hebei
Shanxi
Inner Mongolia
Liaoning
Jilin
Heilongjiang
Shanghai
Jiangsu
Zhejiang
Anhui
Fujian
Jiangxi
Shandong
Henan
Hubei
Hunan
Guangdong
Guangxi
Hainan
Chongqing
Sichuan
Guizhou
Yunnan*
Tibet*
Shaanxi
Gansu
Qinghai*
Ningxia*
Xinjiang*

Implement

Date

No
No
Yes
Yes
Yes
Yes
Yes
Yes
No
No
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
Yes
No
No
Yes
No
No
Yes
Yes
No
No
No

–
–
September, 1994
January, 1990
December, 1988
June, 1988
October, 1993
February, 2000
–
–
September, 2002
December, 1988
September, 2002
November, 1985
February, 1986
July, 1990
March, 1988
June, 1987
June, 1986
January, 1989
June, 1986
–
–
July, 1998
–
–
October, 2002
September, 1997
–
–
–

Note: 1. The dates are based on the author’s own consultation from local legal documents.
2. Provinces with * are areas with a large population of ethnic minorities. Rural residents are allowed to have two or
more children.
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Table 5.2: Sex ratio and share at birth by area and by parity
Area/Parity

Overall

Urban

114.2
100%
Rural: w/ 1.5-children policy
124.4
100%
Rural: w/o 1.5-children policy 118.0
100%
Rural: other provinces
109.1
100%

1st

2nd

3rd

4th or higher

108.9
85.3%
106.1
62.8%
109.2
74.2%
102.9
51.4%

147.6
13.3%
161.9
30.5%
145.3
22.1%
114.9
34.2%

164.9
1.3%
174.0
4.9%
169.1
3.0%
116.9
9.2%

184.4
0.3%
174.1
1.8%
157.0
0.8%
122.0
5.1%

Note: Sex ratio at birth is calculated as the ratio of males to females multiplied by 100. The statistics is calculated
based on birth data collected from November, 1999 to October, 2000. 17 provinces implemented the one-and-a-half
children policy before 1999, while 9 provinces did not. Moreover, 5 provinces did not have strict one-child limit.
Data source: Chinese Census 2000.
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Table 5.3: Average characteristics by province and by cohort
Province
Birth Cohort

Treatment
Young Old

Age
Male (%)
Education attainment (%)
Primary school or lower
Junior middle school
High school
College or higher
Urban Hukou (%)
Ethnic minority (%)
Height (cm)
Ever worked (%)
Father’s education attainment (%)
Unknown
Illiterate/Semi-literate
Primary school
Junior middle school
High school or higher
Mother’s education attainment (%)
Unknown
Illiterate/Semi literate
Primary school
Junior middle school
High school or higher
Number of Siblings
Observations
Age at first marriage
Age at first birth
Marriage rate (%)
Has a child (%)
Sex ratio at each age (× 100)
Sex ratio of matched group (× 100)
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Control
Young Old

22.5
48.8

35.1
51.0

22.2
49.4

35.2
51.2

8.2
38.2
31.5
22.1
20.0
4.3
166.5
59.9

22.3
46.8
16.6
14.3
28.9
5.6
165.2
86.7

13.9
32.0
31.9
22.2
23.3
10.9
166.6
53.2

35.6
33.5
13.7
17.2
31.4
12.5
165.0
85.7

20.0
6.9
23.9
34.5
14.5

15.4
16.5
29.8
23.9
14.4

19.0
14.1
21.3
31.0
14.7

13.9
29.3
26.0
18.2
12.5

19.8
14.8
29.5
26.6
9.4
1.4
3,260

13.6
35.6
30.0
14.4
6.4
2.0
5,879

18.5
26.2
25.2
20.2
10.0
1.2
2,140

13.1
48.4
19.7
12.4
6.3
1.9
4,217

21.4
21.8
31.1
23.1
113.8
115.4

23.7
26.6
92.3
86.8
104.0
104.1

20.7
21.4
28.4
20.1
111.1
112.3

23.3
26.1
91.7
85.6
106.3
106.7

Figure 5.2: Pre- and Post-reform provincial sex ratio at birth

Note: The graph plots coefficients of pre- and post-reform year dummies on sex ratio at birth from linear regressions.
The bars show the 95% confidence interval based on standard errors. The vertical line shows the normalized timing of
the 1.5-children policy implementation. Based on data from 20 provinces allowing policy change.
Data source: Chinese Census 2000.
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Figure 5.3: Age at first marriage in China: 1980-2010

Data source: Chinese Census 2010.
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Figure 5.4: Cumulative probability of marriage and hazard rate of marriage
Males
Females
a. Cumulative Probability of Marriage (%)

b. Hazard Rate of Marriage (% per year)
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Table 5.4: The 1.5-children policy implementation and province characteristics
(1)
Log (GDP per capita)
Log (Population in 10,000)
Net population growth rate (%)
Log (Employees in 10,000)
F-statistic
Cohort fixed effects
Province fixed effects
3-year lags of characteristics
R2
Number of Observations

(2)

0.186*** 0.096
(0.045)
(0.073)
0.111
0.114
(0.081)
(0.094)
0.016*** 0.012**
(0.005)
(0.006)
0.061
0.013
(0.089)
(0.108)
4.81***
No
No
No
0.28
582

2.89**
Yes
No
No
0.32
582

(3)

(4)

0.150
-0.089
(0.302) (0.323)
0.069
0.003
(0.082 ) (0.087)
0.001
0.000
(0.007) (0.008)
0.018
0.760
(0.513) (0.724)
0.28
Yes
Yes
Yes
0.51
582

1.13
Yes
Yes
Yes
0.55
582

Note: The dependent variable is a dummy whether a province implemented the 1.5-children policy at year t. Column
(1) are clustered standard errors at the province level are shown in the parentheses.
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Table 5.5: Effects of the 1.5-children policy on sex ratio
Variables

(1)

(2)

(3)

(4)

0.032***
(0.008)
622

0.025***
(0.008)
622

0.029***
(0.008)
622

0.024**
(0.010)
430

No
No
No
Yes
Yes

Yes
No
No
Yes
Yes

No
Yes
No
Yes
Yes

No
No
Yes
Yes
Yes

0.048***
(0.003)
7,807

0.031***
(0.004)
7,807

0.051***
(0.004)
5,084

0.039***
(0.003)
7,807

0.037***
(0.003)
7,689

0.021***
(0.003)
7,689

0.037***
(0.004)
4,986

0.044***
(0.002)
7,689

No
No
No
Yes
Yes
Yes

Yes
No
No
Yes
Yes
Yes

No
Yes
No
Yes
Yes
Yes

No
No
Yes
Yes
Yes
Yes

Panel A: Aggregate
Post-reform
N
Province linear trend
Province characteristics
Short span: t > 1979
Cohort fixed effects
Province fixed effects
Panel B: Individual - Male
Post-reform
N
Panel C: Individual - Female
Post-reform
N
Province linear trend
Short span: t > 1979
Sex ratio of matched group
Individual characteristics
Cohort fixed effects
Province fixed effects

Note: * p<0.05; ** p<0.01; *** p<0.001. Robust standard errors are in the parentheses. In Panel A I use
aggregate provincial data and control cohort fixed effects and province in all regressions. In Panel B and C,
I use individual data and control individual characteristics, province fixed effects and cohort fixed effects.
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Table 5.6: Effects of sex ratio on the probability of being married: OLS
Variables

(1)

(2)

(3)

-0.296***
(0.066)

-0.332***
(0.078)

-0.402***
(0.079)

(4)

(5)

Panel A. Males
Sex ratio
Sex ratio of matched group
Log (Pop in 10,000)
N

7,807

7,807

5,364

-0.187***
(0.059)

-0.182***
(0.065)

-0.293***
(0.074)

-0.234***
(0.063)
7,807

-0.194***
(0.068)
0.111***
(0.023)
7,807

Panel B. Females
Sex ratio
Sex ratio of matched group
Log (Pop in 10,000)
N
Province linear trend
Short span: t > 1979
Individual characteristics
Cohort fixed effects
Province fixed effects

-0.147**
(0.071)

-0.123**
(0.060)

7,689

7,689

5,253

7,689

0.107***
(0.021)
7,689

No
No
Yes
Yes
Yes

Yes
No
Yes
Yes
Yes

No
Yes
Yes
Yes
Yes

No
No
Yes
Yes
Yes

No
No
Yes
Yes
Yes

Note: * p<0.05; ** p<0.01; *** p<0.001. Robust standard errors are in the parentheses. Individual
characteristics, province fixed effects and cohort fixed effects are included in all regressions.
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Table 5.7: Effects of sex ratio on the probability of being married: 2SLS
Variables

(1)

(2)

(3)

(4)

(5)

2SLS: 2nd stage

(6)
Reduced-form

Panel A. Males
Sex ratio
Sex ratio of matched group

-1.250***
(0.342)

-1.311 -0.687*
(0.910) (0.382)

-1.205***
(0.437)

Post-reform
F-statistics
N

300.6
7,807

81.1
7,807

287.0
5,364

210.4
7,807

-0.860**
(0.405)

-0.360
(1.130)

-0.156
(0.473)

-0.689
(0.517)

-1.506***
(0.418)
172.1
7,807

-0.059***
(0.016)
7,807

Panel B. Females
Sex ratio
Sex ratio of matched group
Post-reform
F-statistics
N
Province linear trend
Short span: t > 1979
Cohort size
Individual characteristics
Cohort fixed effects
Province fixed effects

-0.727**
(0.342)

211.7
7,689

42.8
7,689

165.1
5,253

145.2
7,689

401.6
7,689

No
No
No
Yes
Yes
Yes

Yes
No
No
Yes
Yes
Yes

No
Yes
No
Yes
Yes
Yes

No
No
Yes
Yes
Yes
Yes

No
No
No
Yes
Yes
Yes

-0.032**
(0.015)
7,689
No
No
No
Yes
Yes
Yes

Note: * p<0.05; ** p<0.01; *** p<0.001. Robust standard errors are in the parenthesis. Individual
characteristics, province fixed effects and cohort fixed effects are included in all regressions. Column (1) (5) present results from the second stage regression of 2SLS estimation. Column (6) shows the
reduced-form results from 2SLS estimation.
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Table 5.8: Parameter coefficients from MPH models
Variables
(1)
(2)
(3)
Panel A. Males
Sex ratio
Sex ratio of matched group

-0.951***
(0.325)

Post-reform
- Log likelihood
N

14069.1
7,807

-0.647*
(0.345)
14070.7
7,807

-0.342***
(0.102)
14073.3
7,807

Panel B. Females
Sex ratio
Sex ratio of matched group

-0.541*
(0.300)

Post-reform
- Log likelihood
N
Individual characteristics
Cohort fixed effects
Province fixed effects

-0.562
(0.369)

14865.9
7,689

14866.1
7,689

-0.145**
(0,076)
14866.5
7,689

Yes
Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

Note: * p<0.05; ** p<0.01; *** p<0.001. Standard errors are in the parentheses. Individual
characteristics, province fixed effects and cohort fixed effects are included in all regressions.
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Table 5.9: Sensitivity checks: Parameter coefficients from MPH models
(1)
Males

Variables

(2)
Females

Panel A. Interaction with Share of Rural Population
Post-reform × % of Rural Population
-Log Likelihood

-0.449*** (0.131)
14049.8

-0.203*** (0.098)
14833.1

Panel B. Long-run Effects
Post-reform: Year 1
Post-reform: Year 2
Post-reform: Year 3-4
Post-reform: Year 5 +
-Log Likelihood

-0.168
(0.153) -0.096
(0.123)
-0.197
(0.169) -0.109
(0.133)
-0.483*** (0.181) -0.127
(0.118)
-0.880*** (0.289) -0.413*** (0.176)
14046.8
14831.7

Panel C. Placebo Test
Simulated Post-reform
-Log Likelihood

-0.153
(0.126)
14055.3

0.136

(0.102)
14834.4

Panel D. Education Heterogeneity
Post-reform
Post-reform × High school
Post-reform × College or higher
-Log Likelihood

-0.206*
(0.121) -0.030
(0.089)
-0.285
(0.221) -0.164
(0.150)
-0.375
(0.244) -0.631*** (0.212)
14050.9
14828.3

Panel E. Hazard Rate of First Birth
Post-reform
-Log Likelihood

-0.354*** (0.108)
14569.2

-0.164** (0.082)
15651.6

Note: * p<0.05; ** p<0.01; *** p<0.001. Standard errors are in the parentheses. Individual characteristics, province
fixed effects and cohort fixed effects.
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Appendix
Table 5.A1: Characteristics of matched couples in the Chinese Census 2000
VARIABLES
Age (int): Husband
Age (int): Wife
Gap: H - W (int)
Age at marriage: Husband
Age at marriage: Wife
Gap: H - W
Born in the same province (%)

# of Couples

Mean

St.Dev.

10th percentile

90th percentile

1,943,979
1,943,979
1,943,979
1,943,979
1,943,979
1,943,979
1,943,979

38.07
36.37
1.70
23.90
22.20
1.70
94.3

7.31
7.25
2.87
6.61
6.47
5.38

28
27
-1
20.33
19
-1.33

48
47
5
27.75
25.5
5.17
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Figure 5.A1: Map of the 1.5-children policy implementation at province level by 1996
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Table 5.A2: Effect of sex ratio on the probability of being married at a certain age
Variables

(1) Age 20

(2) Age 23

(3) Age 25

(4) Age 28

(5) Age 30

-0.082
(0.099)
6,517

-0.287**
(0.121)
5,871

-0.143
(0.117)
4,768

-0.190
(0.118)
4,128

-0.137
(0.122)
6,374

-0.083
(0.117)
5,707

-0.141
(0.102)
4,571

-0.001
(0.102)
4,011

Panel A. Males
Sex ratio
N

0.024
(0.044)
7,288

Panel B. Females
Sex ratio
N

0.041
(0.071)
7,142

Note: * p<0.05; ** p<0.01; *** p<0.001. Robust standard errors are in the parentheses. Individual
characteristics, province fixed effects and cohort fixed effects are included in all regressions.
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Table 5.A3: Parameter coefficients from Cox hazard models
Variables
(1)
(2)
(3)
Panel A. Males
Sex ratio
Sex ratio of matched group

-0.963***
(0.325)

Post-reform
- Log likelihood
N

35724.9
7,807

-0.653*
(0.345)
35727.5
7,807

-0.347***
(0.102)
35723.2
7,807

Panel B. Females
Sex ratio
Sex ratio of matched group

-0.545*
(0.300)

Post-reform
- Log likelihood
N
Individual characteristics
Cohort fixed effects
Province fixed effects

-0.560
(0.369)

41123.0
7,689

41123.5
7,689

-0.146*
(0.077)
41122.8
7,689

Yes
Yes
Yes

Yes
Yes
Yes

Yes
Yes
Yes

Note: * p<0.05; ** p<0.01; *** p<0.001. Standard errors are in the parenthesis. Individual characteristics,
province fixed effects and cohort fixed effects are included in all regressions.
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