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1 Introduction

This thesis delves into a question in econometrics: Can an instrument based on heteroscedastic

error terms improve a linear model that estimates the effect of the number of children on labour

supply, particularly when only a weak same-sex instrumental variable (IV) is available? This

question is not only theoretically exciting but also has practical implications in the field of labour

economics and policy-making.

In the past century, social and policy changes have led to increased participation in female

labour (FLP) (Eckstein & Lifshitz 2011). These changes, such as expanded educational op-

portunities for women and expanded maternity leave policies, have significantly promoted FLP

(Grant 2023; Low & Sánchez-Marcos 2015). However, women continue to bear the primary re-

sponsibility for childcare, which can potentially counteract the increase in FLP (Coltrane 2000).

This tension between career and childcare has sparked interest in understanding the impact of

childbearing on women’s labour outcomes. Thus, it is helpful to analyse the potential effect of

having a child on women’s labour supply and FLP.

When analysed, this mutual relationship between the number of children and the female

labour supply forms an obstacle. Due to this obstacle, endogeneity arises, creating space for

inaccurate estimates. These deviations from accurate estimations become more prominent in a

real-world setting, where the data differ from statistical normality and suffer from measurement

error. This can lead to a false understanding of the supply of female labour. As a policy and,

maybe, women’s decisions to have children are based on knowledge of how a child affects their

labour position, it is beneficial to have correct estimates about these supply outcomes. A suitable

way to address endogeneity and measurement error is to implement a two-stage least squares

(2SLS) approach using an IV.

This research partly replicates the findings described by J. Angrist & Evans (1996). An

IV is used based on parents’ preference for children of both sexes. According to J. Angrist &

Evans (1996), this preference among parents for children of both sexes leads to an external shock

that affects the number of children in a family, but does not directly affect the results of the

labour supply. Although this preference among parents still manifests itself, it does have flaws

(Miranda et al. 2018). First, it is the fact that it is not possible to examine changes differently

from going from two to more children. Second, Öberg (2021) contests the use of the instrument

as the use of the instrument would only give an external shock if the parents did not plan to

have a third child before having the second child. Therefore, the instrument is considered weak,

and other analysis options should be considered.

In real-world settings, the assumption of equal variance across the sample (i.e. homosce-

dasticity) may not hold, leading to heteroscedasticity. Recognising this issue, Lewbel (2012)

proposed a novel method that turns this statistical ”problem” into an advantage. This method

relies on the premise that mismeasured variables across the sample could cause a common error,

leading to heteroscedasticity. Using this common error, Lewbel’s method creates a new instru-

ment to address endogeneity and provide more accurate estimates. This innovative approach

offers a compelling alternative when traditional IVs are insufficient. On the basis of this com-

mon error, an instrument that is supposed to be random and, more importantly, exogenous is

created. Therefore, this instrument can counteract endogeneity in a similar 2SLS approach with
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an external IV. The Lewbel instrument can work independently of other instruments but can

also be bundled with an external instrument, such as the same-sex instrument.

The present thesis uses the method proposed by Lewbel (2012) to investigate the impact of

having children on women’s employment factors. To assess the effectiveness of Lewbel’s proposed

method, we compare the results with those obtained using an external IV. This approach-based

comparison forms the basis of our primary research question:

How effective is Lewbel’s proposed method in establishing the effects of the number of children

on women’s labour supply using a comparison and a combination with an external IV approach?

In this thesis, we compare different methodological approaches to estimating instrumental

variables with heteroscedasticity by thoroughly examining the coefficients of fertility and its

impact on six distinct outcomes related to labour supply. This is done in two different settings:

one where the external instrument plays a role, and one where this instrument is not fitted for

that regression. The combination is only carried out for the first setting.

To address this question, we examine several aspects. Primarily, we explore Lewbel’s pro-

posed method for determining the impact of the number of children on women’s labour supply.

This method uses heteroscedasticity, a common statistical issue, to generate instrumental vari-

ables.

Furthermore, we dive deeper into the assumptions underpinning Lewbel’s method. Under-

standing these assumptions is crucial as they form the method’s foundation and significantly

influence its applicability and effectiveness. We also compare these assumptions with those

inherent in the external IV approach. This comparative analysis allows us to understand the

unique strengths and potential limitations of each method.

By integrating these elements into our investigation, we aim to provide a comprehensive

answer to our research question. This approach enhances our understanding of the impact of

childbearing on women’s labour supply and contributes to the broader discussion on econometric

methods and their application in labour economics.

The thesis is structured as follows. After this introduction, we will present a comprehensive

literature review, laying the groundwork for our research. We will then detail the data used in our

study, discussing its sources, nature, and the collection and cleaning process. The methodology

section will outline the theoretical underpinnings of the Lewbel method and the IV approach

and how these methods are applied in our study. The results section will present the findings

of our study, providing a detailed analysis and interpretation. We will conclude the thesis by

summarising our key findings, discussing their implications, and suggesting avenues for future

research.
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2 Literature

2.1 Standard 2SLS Approach

In this part, we look at the issues that arise when analysing the effect that fertility has on the

outcomes of labour supply and their solutions. As stated in the introduction, the central chal-

lenge in this thesis is addressing endogeneity. This issue arises due to the possible simultaneous

determination of fertility and labour supply, a hypothesis established by Goldin & Katz (2002)

and supported by research of J. Angrist & Evans (1996); Rosenzweig & Wolpin (1980); Lund-

borg et al. (2017). This mutual determination violates the Gauss-Markov theorem assumption

of E(Xϵ) = 0. Here, X are the explanatory variables used in the regression and ϵ is the resulting

error term. According to the assumption, these should not be correlated; thus, the expectation

should be zero (Theil 1971). In this theory, the assumption of homoscedasticity is also included.

When these assumptions are compromised, this leads to biased and inefficient estimators.

A 2SLS approach using an IV can be a solution to endogeneity. However, to be a suitable IV,

certain criteria must be met. In their research paper, J. D. Angrist et al. (1996) cover three as-

sumptions that must hold for using an IV. For clarity, the instrumented variable is the predicted

variable constructed by regressing the instrumental variables and additional control variables on

the original endogenous variable. The first is the random assignment or independence assump-

tion, which implies the ideal condition that the instrument is uncorrelated with the unobserved

variables in the study; hence it is considered random. The second assumption is the exclusion re-

striction, which tells that an instrumental variable should only affect the dependent variable via

the instrumented variable. The third assumption is the relevance assumption. The instrumental

variable should have a nonzero average effect on the instrumented variable (i.e., coefficient in the

first stage is nonzero). As specified by Imbens & Angrist (1994), the fourth assumption is the

monotonicity assumption. This assumption states that the instrumented variable should either

exclusively increase or decrease in the instrumental variable. These assumptions ensure that an

instrumental variable is used properly and can counter endogeneity.

2.2 Same-sex

The same-sex instrument, which utilises the gender composition of children within a family, has

been a key tool in studying family dynamics and its impact on various socioeconomic outcomes.

This instrument is particularly relevant to our research, as it provides a natural experiment to

address the endogeneity of family size and the sex composition of siblings in models (Öberg

(2021)). The theoretical basis for the same-sex instrument lies in the assumption that par-

ents may prefer a mixed gender composition of children, which can influence family size. This

preference, coupled with the random nature of the sex of a newborn child, provides a natural

experiment that researchers have exploited to study the causal effects of family size on various

outcomes of labour supply. For example, Frenette (2011a; 2011b) used this instrument to ex-

amine the gender division of work after child birth and the impact of larger families on parental

investments in child quality. The same-sex instrument allowed Frenette (2011a) to isolate the

effect of family size from other confounders, providing more robust estimates of causal effects.

Similarly, Nguyen (2019) used the same-sex instrument to investigate the effect of the sex com-
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position of siblings on parental labour supply and occupational prestige in Indonesia. The study

found that the composition of siblings by sex significantly influenced parental labour supply

decisions with implications for occupational prestige. The same-sex instrument has also been

used to study the effect of fertility on mothers’ well-being (Cáceres-Delpiano & Simonsen 2012),

and the consequences of unintended pregnancy on infant, child, and parental health (Gipson et

al. 2008).

However, the same-sex instrument has been subject to considerable critique. Öberg (2021)

argues that the same-sex instrument, like other instrumental variables for the number of children,

is not reliable or interpretable. The author contends that there are many issues with these

instrumental variables, including those based on twin births, as first used by Rosenzweig &

Wolpin (1980), and that results based on them should be ignored. Furthermore, the author calls

for the development of new, more credible methods. In addition to these critiques, the same-sex

instrument is also subject to the critique of being weak. This is because the correlation between

having children of the same sex and the total number of children a family has is relatively weak.

This weak correlation can lead to biased estimates and reduced statistical power of the analysis.

It is based on the assumption that the sex of the first two children only affects the family’s

decision to have more children and does not directly affect the outcome variables. However, this

exclusion restriction assumption has been challenged. For example, it has been argued that the

sex composition of children can directly affect parents’ decisions on labour supply and children’s

educational results, violating the exclusion restriction assumption Rosenzweig & Wolpin (2000).

In conclusion, while the same-sex instrument has been a popular tool in demographic and

economic research, it is not without limitations and critiques. Another downside of using this

instrument is that the standard endogenous stated variable, such as the number of children,

must be adapted. J. Angrist & Evans (1996) choose to change their endogenous variable to

More than two children instead of the actual number of children, since the same-sex relation

with fertility is only compatible with such a binary variable. Future research should aim to

develop and validate new instruments or methods to better understand the causal effects of

family size, which could be the method based on heteroskedastic errors.

2.3 Internal Instrument Based on a Heteroscedasticity

In the field of econometrics, the issue of endogeneity often arises, leading to biased and incon-

sistent parameter estimates. This issue is particularly relevant in our research context, where

unobserved factors, such as parental preferences or abilities, could simultaneously affect fertility

and labour supply decisions. A common solution to this problem is to use instrumental variables

(IV). However, when the number of endogenous regressors is greater than the number of instru-

ments or when no external instruments are available, the Lewbel method provides a solution

by using heteroscedasticity in the error terms to construct internal instruments (Lewbel 2012).

Wright et al. (1928) applied ”curve shifters”, or IVs, to obtain estimates of the elasticity of sup-

ply and demand in the vegetable oil market. This was the first known use of second moments

for identification. New methodologies have been created not to find an external instrument but

to use general restrictions on higher moments. Dagenais & Dagenais (1997) show in their paper

that their estimates perform better than an OLS. Cragg (1997) and Erickson & Whited (2002)
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show that simple errors in variables can provide a decent improvement for the estimates. A

similar approach to the approach of Lewbel (2012) is taken by Hogan & Rigobon (2003). Their

proposed method controls for endogenous education, unobserved ability, and measurement error

using the natural heteroscedasticity of education attainment. Furthermore, through their re-

search article, Klein & Vella (2010) discuss the challenges associated with identification in binary

endogenous models. As part of their research, the authors estimate the heteroscedasticity semi-

parametrically and use the residual from the second equation as an additional regressor in the

first equation as the instrument. Researchers need the assumptions to hold for the distribution

of the error terms to identify the model.

In examining the relationship between labour supply factors (e.g., individual income, family

income, hours worked per week) and the number of children in a family, Lewbel’s method proves

particularly relevant. This method allows for a better understanding of these relationships, con-

sidering the heterogeneity in the data set. This heterogeneity can arise from various sources,

such as differences in family structures, socioeconomic status, regional variations, and work pref-

erences. Breusch & Pagan (1979) invented a test that can determine whether heteroscedasticity

is present in a model. The Lewbel method, with its ability to construct internal instruments

based on heteroscedasticity, can handle this heterogeneity effectively, providing more reliable

and robust estimates Dufour (2003).

However, Lewbel’s approach relies on several key assumptions. First, Lewbel’s methodolo-

gical approach assumes that the error term in the structural equation is heteroscedastic and that

a function of the exogenous variables in the model can explain this heteroscedasticity. This is

a crucial assumption as it forms the basis for constructing the internal instruments. J. Angrist

& Evans (1996) use a binary dependent variable in the first-stage result. In Lewbel (2018),

heteroscedasticity is tested with an approach in which the covariance between a variable and

the residual in the first stage cannot equal zero. The main reason why a Breusch-Pagan (BP)

test is not only used is that it might not give a correct display of heteroscedasticity. Second,

it assumes that the instruments are relevant, i.e., correlated with the endogenous regressors,

and valid, i.e., uncorrelated with the error term in the structural equation. These are standard

assumptions in any 2SLS regression and are crucial for the consistency and unbiasedness of IV

estimates (Newey & Windmeijer (2009)).

The suitability of the Lewbel method for a specific data set, such as the 1980 PUMS data

used by J. Angrist & Evans (1996), would depend on heteroscedasticity and the relevance of

the constructed instruments. The PUMS data, which provide a large source of information

on various demographic and economic variables, are likely to exhibit heterogeneity due to the

diverse nature of the population it covers. Hence, if present in error terms, this heterogeneity

can be exploited by the Lewbel method to construct relevant and valid instruments. However,

it is crucial to perform appropriate diagnostic tests before implementing this method to ensure

that the assumptions of the Lewbel method are satisfied.

The Lewbel method also works without the use of an external instrument. Through his

research paper, Lewbel indicates that the method works best in a setting with an instrument

available, weak or strong. However, it is not necessary, and the analysis could still prove useful

Lewbel (2012))
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In the context of labour economics, the Lewbel method provides a powerful tool to examine

the impact of the number of children on factors of labour supply. This method, which leverages

heteroscedasticity to construct internal instruments, allows researchers to address endogeneity

issues that often arise in such analyses. Consequently, it allows for a more nuanced understanding

of the complex interaction between family size and labour supply factors.

However, the Lewbel method is not without assumptions. It assumes that the error term in

the structural equation is heteroscedastic and that a function of the exogenous variables in the

model can explain this heteroscedasticity. This assumption is crucial as it forms the basis for

constructing the internal instruments. Furthermore, the method assumes that the instruments

are relevant and valid (i.e., correlated with the endogenous regressors and uncorrelated with the

error term in the structural equation). These are standard assumptions in any 2SLS regression

and are crucial for the consistency and unbiasedness of the IV estimates.

3 Data

3.1 Descriptive Statistics

The data are collected from the 1980 Census Public Use Micro Samples (PUMS). These data are

the same data that are used by J. Angrist & Evans (1996) for the sake of comparison. The census

contains various information on households in the US for 1980. For this thesis, information on

labour supply, the sex of the mother’s first two children, an indicator of multiple births, and

other demographic variables is used. The sex of the oldest children is used to define the pairs of

same-sex siblings and to construct the IV. Therefore, only women between the ages of 21 and

35 with two children are selected from the total population of women in that age range.

As the census does not include retrospective fertility information other than the number of

children, children are not matched to a household in the data set. J. Angrist & Evans (1996)

attached individuals labelled as children in a household to a female householder or the spouse of

a male householder. They removed any mother whose household size did not correspond to the

total number of children ever born. Furthermore, relationship codes and subfamily identifiers

matched children with their mothers in households with multiple families. Because the census

does not track children across households, the sample is limited to mothers aged 21-35 whose

oldest child was less than 18 years of age at the time of the census (1980). The main reason

for imposing this limitation on the sample is that women under 21 are unlikely to have two

children. Also, for children older than the age of 17 it is more likely to have moved to a different

household.

In their paper on instrumental variables (IV) estimates J. Angrist & Evans (1996) indicate

that these restrictions do not lead to a highly selected sample. The indication uses a comparison

between this sample and the Current Population Survey (CPS). The CPS shows that women

35 years of age and with two or more children, at least 93% have an oldest child younger than

18. This sample, women aged 21-35 with at least two children, may appear as an unusually

high-fertility group; however, for the group of women aged 21-27, at least one quarter qualifies,

and for the group aged 28-35, over half of the entire population of women in that age group.

In Table 1 the descriptive statistics are given for the 1980 PUMS data. Statistics include
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information on variables about children’s sex composition, dependent variables, and an IV. The

primary variable of interest is the more than 2 children variable as an endogenous indicator of

fertility. When the same-sex instrument is used, the average number of children is around 2.5.

For the full data set where no criteria other than having one child have to be met, the average is

around 2. The same-sex external instrumental variable is a composition of ”two boys” and ”two

girls” variables. For the ”All women” sample, the number of observations is 398,835 and for the

”married” sample, the number is 254,654. The fourth column represents the sample that does

not impose the restrictions that J. Angrist & Evans (1996) need for the 2SLS with the same-sex

instrument. In addition, the fourth column of the tabular representation includes all data on

women with at least one child, with 927,264 observations. For the present analysis, the number

of children is the endogenous indicator of fertility.

In the bottom half of Table 1, demographic and labour supply variables are described,

including measures of mother’s age, age at first birth, years of education, and indicators of race

and ethnic origin. For married women’s spouses, demographic and labour supply data is also

used and partially displayed in Table 1. The labour supply variables are derived from the 1997

census questions about employment. These variables measure whether the respondents worked

for compensation, the number of weeks worked, their typical hours per week, and their annual

labour income. When an individual did not work for remuneration, the last three are set to

zero. The last three labour supply variables are actual variables for comparison in the research

of J. Angrist & Evans.

In general, more boys were born as first or second child. It is derived from the labour supply

variables that, in the 1980 data, men are the primary earners for families. In general, married

women tend to work and earn less than the sample, including all women. This research looks

mainly at the first four real labour supply factors. Therefore, it is important that around half

of the women work in the different samples. They work around 20 weeks per year and between

15 and 20 hours per week, which generates an income of around 7, 000,− yearly.

After following the exact steps from J. Angrist & Evans (1996), there was still a discongruity

in the data set. J. Angrist & Evans removed five observations from the data set. However, the

authors did not indicate the observations or the reason for removing five observations from the

dataset. Nevertheless, the sample used still represents the researchers’ data set; however, the

removal of potential outliers does have an existing impact on the results. The fourth column,

which includes all women with at least one child, does not deviate much from the sample that

is restricted by same-sex specifications. The average number of children decreases slightly, since

women with only one child are also included.

3.2 Data Suitability for Instruments Based on Heteroscedastic Errors

Lewbel’s method uses, instead of an identification based on the standard minimal regression

assumption (i.e. E(ϵX) = 0), a method that relies on restricting correlation ϵϵ′ with the set of

independent variables (i.e. X). However, these restrictions do not automatically provide identi-

fication. These restrictions can lead to identification given some heteroscedasticity. Therefore,

the key assumption that must hold in a setting, where one applies this proposed method, is that

heteroscedasticity exists in the estimated model.
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In order to establish heterogeneity in the models used in this thesis, Breusch-Pagan (BP)

tests are performed. The Breusch-Pagan (BP) test was performed with H0 of homoscedasti-

city, indicating the amount of heteroscedasticity in error terms. Together with the additional

assumptions in Lewbel (2018) and some more standard regression assumptions, the test of the

assumptions is made clear in Section 4 and is performed in Section 5.

Table 1

Descriptive Statistics, Women Aged 21-35 With More Than One Child and All Women With
Children

Data Specific for Same-sex Instrument

Variable All Women Wives Husbands All Women

Children Ever Born
2.55

(0.81)

2.51

(0.77)
-

2.09

(0.99)

More Than 2 Children (1 if mother had more than 2 children, 0 if else)
0.402

(0.490)

0.381

(0.486)
- -

Boy 1st (s1) (1 if the first child is a boy)
0.511

(0.500)

0.514

(0.500)
- -

Boy 2nd (s2) (1 if the second child is a boy)
0.511

(0.500)

0.512

(0.500)
- -

Two Boys ( 1 if the first two children were boys)
0.264

(0.441)

0.266

(0.442)
- -

Two Girls (1 if the first two children were girls)
0.242

(0.428)

0.239

(0.427)
- -

Same-sex ( 1 if first two children were the same-sex)
0.505

(0.500)

0.505

(0.500)
- -

Age
30.1

(3.5)

30.4

(3.4)

33.0

(4.6)

31.5

(6.2)

Age at First Birth (Parent’s age in years when the first child was born)
20.5

(2.9)

21.2

(2.9)

24.3

(4.0)

22.2

(4.4)

Worked for Pay (1 if worked for pay in the year prior to the census)
0.565

(0.496)

0.528

(0.499)

0.977

(0.150)

0.610

(0.488)

Weeks Worked (weeks worked in the year prior to the census)
20.8

(22.3)

19.0

(21.9)

48.0

(10.5)

23.2

(22.6)

Hours/Week (average hours worked per week)
18.8

(18.9)

16.7

(18.3)

43.5

(12.3)

20.6

(19.0)

Labour Income (labour earnings in the year prior to the census, in 1995
dollars)

7, 160

(10, 804)

6, 250

(10, 211)

38, 919

(25, 014)

8, 689

(12, 171)

Family Income (family income in the year prior to the census, in 1995
dollars)

42, 342

(26, 563)

47, 646

(25, 821)
-

44, 710

(28, 924)

Non-wife Income (family income minus wife’s labour income, in 1995 dol-
lars)

-
41, 635

(24, 734)
-

Number of Observations 394,840 254,652 254,652 927,267

Note: The samples include women aged 21-35 with two or more children except for women whose second child is
less than a year old in the first three columns. In the 1980 PUMS, the married women sample refers to women
who were married at the time of their first birth, married at the time of the survey, and married once. The fourth
column represents all women with at least one child.

3.3 Same-sex Instrument

J. Angrist & Evans (1996) make use of the same-sex instrument. This is a binary variable that

combines data on families that first have two boys or two girls. It is built on the concept that
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women and men tend to want both girls and boys as their child composition. In Table 2, the

fractions of families are given for a certain composition of children who had a third child. A

clear difference is visible between families that have two children of the same sex or different

sexes. Indeed, there is a visible tendency that couples’ families are more likely to have a third

child if they do not already have a boy and a girl. This effect increases slightly when this family

consists of a married man and woman. The reason for this increase is beyond the scope of this

research.

Table 2

Fractions of Families that Had a Third Child

All Women Married Women

Sex of First Two Children in Families Fraction of Total Fraction that had Fraction of Total Fraction that Had
With Two or More Children Another Child Another Child

One Girl One Boy 0.49461 0.371971 0.494652 0.346742
Two Boys 0.263719 0.422686 0.266073 0.403831
Two Girls 0.24167 0.441150 0.239276 0.424637
Both Same-sex 0.50539 0.431515 0.505348 0.413683
Difference Same-sex - Both Sexes - 0.059544 - 0.066941

4 Methodology

In this thesis, the main goal is to establish whether an instrument based on heteroscedastic

error terms can improve a linear model that estimates the effect of the number of children on

the labour supply, where only weak same-sex IV is available. Labour supply measures consist of

6 different variables that are all independently estimated. The six labour supply variables are:

whether an individual worked or not, the number of weeks worked, hours/ week worked, labour

income, and the log of family income and nonwife income for the married sample.

In addition to the comparison, this thesis also considers a setting in which the instrument is

not useful and, therefore, only Lewbel (2012) is used as IV. This additional consideration offers

new opportunities, and also the direct relation between an extra child and the effect on labour

supply can be estimated.

4.1 Lewbel’s Method

In this section, Lewbel’s method for a triangular or 2SLS design is set forth for general cases.

In Lewbel (2012), the author considers a system where two observed variables Y1 and Y2, a set

of exogenous variables called X, and two error terms are included:

Y1 = X ′β1 + Y2γ1 + ϵ1 (1)

Y2 = X ′β2 + Y1γ2 + ϵ2 (2)

Lewbel (2012) identifies the equation in both the simultaneous design, where the γ values

are not equal to zero, and the triangular design, where γ2 equals zero. When γ2 is zero, this
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system forms a 2SLS design. Therefore, we are focused on that setting.

Y1 = X ′β1 + Y2γ1 + ϵ1 (3)

Y2 = X ′β2 + ϵ2 (4)

Lewbel first performs a regression in equation 4 and following on that the equation 5 is regressed

again, however including the Lewbel instrument. Z is defined as a (sub)set of the exogenous

variables in X:

Y2 = X ′β2 + γ(Z − E(Z))ϵ2 + vi (5)

The estimated values for Y2 are then used in model 3. The method is explained in more detail

in Appendix A, where a Monte Carlo simulation is performed following this structure. A data-

generating process creates the information, after which the estimates of the coefficients are

derived.

The assumptions underlying the proposed method mainly focus on heteroscedasticity in the

first-stage model. For this standard Breusch-Pagan (BP) tests can be performed. Lewbel (2012)

needs cov(Z, ϵ22) ̸= 0 to hold, which can be tested with the BP test. In the results section,

these statistics are given and, for every model, the BP test statistic is listed. These tests work

best when the dependent variable is continuous. The variable Number of children takes on the

values of natural numbers, however, the variable More than two children is binary. Lewbel

(2018) makes another assumption for this special case. For the first stage model, the following

notation is used, where Y2 is binary.

Y2 = g(X) + ϵ2 (6)

The additional assumptions that must hold is cov(X, g(X)(1 − g(X)) ̸= 0. As Y2 only takes

values of 0 and 1, g(X)(1− g(X)) equals ϵ2(1− ϵ2) for both values of Y2. Another assumption

is that Y = (Y1, Y2)’ and X are random vectors. E(XY ’), E(XY1Y ’), E(XY 2Y ’), and E(XX’)

are finite and identified from data. E(XX’) is non-singular. These assumptions are related to

the data used and can, quite straightforwardly, be tested by looking at the outcomes for the

given multiplications and their rank. Another assumption states that E(Xϵ1) = 0, E(Xϵ2) = 0,

and, for some random vector Z, cov(Z, ϵ1ϵ2) = 0. Z is a subset of X or the full set of X. These

assumptions are also tested in the results and can be considered standard OLS assumptions as

described in the Gauss-Markov Theorem.

Standard BP tests are performed to derive the heteroscedasticity for the first-stage models.

For the second stage, testing for heteroscedasticity is done by means of the Pagan-Hall test.

Pagan & Hall (1983) created a test that relaxes the homoscedasticity requirement in the other

structural equations. The BP test does require this and, therefore, in this setting, where het-

eroscedasticity in the first stage is needed, does not fit. Pagan-Hall tests are, thus, performed

for the second-stage models.
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4.2 2SLS Models

To establish whether the external instrument can improve a linear model, where only a weak

instrument is available in this setting, we make a comparison between various models. The four

models that are considered for three different sample groups are (1) an OLS regression, (2) a

2SLS regression with only the use of the same-sex IV, (3) a 2SLS regression with only the use

of Lewbel (2012) IV, and (4) a 2SLS regression with the use of both instruments.

A generalization of the four models using notation from J. Angrist & Evans (1996) is

Y = α1W + α2S + βX + ϵ1, (7)

where Y = {Worked for pay, Weeks worked, Hours/week, Labour income, ln(Family income),

ln(Non-wife income)}, W = {Age, Age at birth first child, Race}. S gives the sex of the first

and second born child. X = endogenous variable (i.e., more than 2 children). The variables on

race, age, and age when the first child was born are clearly exogenous demographic variables.

In addition, the variables to indicate the sex of the child are incorporated in this model, and

these are exogenous. They are included in the model to reduce the likelihood of omitted variable

biases. The OLS regression uses the exact formula 7 to estimate its parameters.

To estimate the other three models, a 2SLS (two-stage least squares) is used with an IV or

multiple IVs. This method is used when there is an endogenous variable, such as More than

2 children. In this setting, equation 7 would be the second stage of the 2SLS, the first stage

equation looks like

X = πW + γZ + ϵ2. (8)

Again, the controls are included in this stage. In equation 8, an IV is included. In this thesis,

three kinds of IV were used, producing three different models. The standard for a 2SLS, first,

the first stage is regressed by means of OLS and with the estimates for the endogenous variable,

the second stage is regressed also with OLS. The IVs used are the same-sex, Lewbel and a

combination of both.

4.2.1 Same-sex

This binary instrument is constructed by a combination of families that have either first two

sons or two daughters. The variable is 1 if the first two children are either both female or both

male. If the data on the sex of the first two children are available, the instrument can be created.

In section 2.1, the four IV assumptions are set forth. As the same-sex instrument consists of the

sexes of children, which is random and has nothing to do with labour supply parameters, the

instrument is random. The sex composition does affect the fraction of families that had a third

child, as can be seen in Table 2. The fourth assumption cannot be verified as the instrument does

not strictly increase the More than 2 children variable. This means that having two same-sex

children is not only going to increase More than 2 children. A mixed-sex composition could also

lead to an increase in fertility. This implies that the instrument does not fully meet the criteria

to be a fit instrument. The first stage with this instrument looks as follows.

X = πW + γ(Samesex) + ϵ2. (9)
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4.2.2 Instrument Based on Heteroscedastic Errors

This instrument can be constructed as a simple function of the data set. The 2SLS with this IV

can identify the parameters in the regression model by means of variables that are correlated

with heteroskedastic error terms. To use this method, one assumes the following assumptions.

The first two are the expectation of the product of the set W with the error terms in the first

and second stages being zero. This assumption is also in the standard OLS assumptions. The

third is assumption cov(W, ϵ1ϵ2) = 0. The key assumption cov(W, ϵ2) ̸= 0 must hold in order

for this method to work. Structural parameters are identified by a 2SLS regression of Y1 on the

controls = {W,S} and the endogenous variable = X, using both these sets and a product of the

demeaned set of controls and the error terms of the first stage as an instrument. Therefore, for

this instrument, three regressions need to be performed. First equation 10 in order to perceive

the error terms, and after this, these error terms are used for the instrument in 11.

X = ωW + ϵ2 (10)

X = πW + γ(W − E(W ))ϵ2 + v, (11)

If the covariance between the product and the error term increases, then so does the strength

of the instrument (Lewbel (2012)). Thus, before using this method, one first has to establish

heterogeneity in the model. Then the parameters in the model are identified.

4.2.3 Same-sex and Lewbel

The fourth model estimated in this thesis is a combination of both IVs. As Lewbel writes about

combining the instrument based on heteroscedastic errors with an external instrument in a model

in his working paper: ”The resulting identification is based on higher moments and so is likely

to provide less reliable estimates than identification based on standard exclusion restrictions,

but may be useful in applications where traditional instruments are not available or could be

used along with traditional instruments to increase efficiency.” The first stages would have the

same structure as Section 4.2.2, but the same-sex instrument is added.

X = ωW + ϵ2 (12)

X = πW + γ1(W − E(W ))ϵ2 + γ2(Samesex) + v (13)

Again, the same assumptions hold as in the two separate models. γ1 is a vector of multiple

numbers that correspond to the number of elements in W. This implies that every variable in

W creates its own instrument.

4.3 Intensive margin

This thesis also looks at how specifically the number of children affects the outcomes of the

labour supply. J. Angrist & Evans (1996) use the variable More than 2 children as a measure of

fertility, although it is interpretable, it is better to have a simple measure, such as the number of

children. The main reason for the researchers to use this variable More than 2 children is that
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their instrument requires this specification for the data and instrumented variable. It is better

to have a simple measure such as the number of children, where J. Angrist & Evans (1996)

their criteria do not have to be met. The Lewbel method gives this opportunity. The system of

equations looks as follows:

Y = αW + βX + ϵ1, (14)

X = πW + γ(W − E(W ))ϵ2 + v, (15)

X = ωW + ϵ2 (16)

Now, X represents the number of children for all observations. The controls remain the same as

in the previous settings. The additional assumption mentioned in Lewbel (2018) does not have

to hold here as the endogenous variable is nonbinary. Therefore, assumption cov(W, ϵ22) ̸= 0

must hold, which can also be tested with a BP test.

In the analysis, we examine the linearity of the relationship between the number of children

and the outcomes of the labour supply. In an OLS model, this linearity is assumed, and by

checking linearity, it can give insights into whether a linear model is appropriate and whether

the number of children should not be estimated with a (semi)parametric model.

5 Results

In this section, the IV estimates of fertility on labour market outcomes of women, married or

not, are captured by the models described in Section 4. First, all assumptions are tested for the

models used. After that, the estimates of the IV 2SLS model per model are shown in Section 5.2.

As the 2SLS model based on heteroscedastic errors uses the key assumption of heterogeneity

in the first stage, a heterogeneity analysis is performed on different groups of husband income

and education. In the last part of this section, we depart from the same-sex instrument with its

criteria (as specified by J. Angrist & Evans (1996)) on the data set and look at the effect on all

women with at least one child.

5.1 Assumptions

As Lewbel (2012) his method is restricted by some assumptions, these must be tested. According

to the model used in the present thesis, the method for testing is given in the methodology. In

this section, the actual testing takes place. Apart from the standard BP and PH tests that are

included per model, the covariances between the controls and error terms in the first stage are

tested separately. In Table 3, these covariances are given for all three different first stage results

used in this thesis. The results for the age of the mother and the age of the firstborn child appear

to differ only from zero. For covariances of more than 2 children, these values are not expected

to be large, as ϵ2(1−ϵ2) may never exceed a value of 0.25. Also, the values in parameter W (i.e.,

exogenous control variables) are mostly binary, making a higher covariance unlikely. Lewbel

(2012) writes that if one of these covariances is close to a value of zero, then this results in a

weak or useless instrument. Extensive trials were performed to explore whether leaving out race

variables improves the model; however, improvements in the model as a result of leaving out

race variables was not found to be the case. The strength of the Lewbel method comes mainly
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from the first two variables. Furthermore, the other three variables did not weaken the models.

Therefore, in this thesis, all five variables are used to create instruments using Lewbel’s method.

Table 3

Assumptions Heteroscedasticity

Endogenous Variable more2k KIDCOUNT

All Women Married Women All Women
cov(W, ϵ2(1− ϵ2)) cov(W, ϵ2(1− ϵ2)) cov(W, ϵ22)

Age Mother -0.02 -0.03 1.08
Age First Time Mother 0.05 0.06 -0.54
Mother Hispanic 0.00 0.00 0.01
Mother Black 0.00 0.00 0.03
Mother Other Race 0.00 0.00 0.03

Number of Observations 394,840 254,652 927,267

Further tests were performed on the suitability of the data. Data set W is not correlated

with the error terms for both stages for all models. Also, E(XX’) is non-singular. The rank is

equal to the number of variables, making the expectation full rank.

5.2 2SLS Results

The results of the first stage for all different models are given in Table 4. The first four columns

are used for the setting in which the same-sex instrument is used. The same-sex instrument only

works for the margin from 2 to more children. The coefficients for same-sex in the first and third

columns suggest a positive effect of this instrument on More than two children, used as a measure

of fertility. The five other controls are used in the Lewbel method by creating instruments based

on these separate controls. All the first-stage models appear to fail the homoscedasticity test.

This is deduced by looking at the BP test statistics.

To establish the effect of More than two children on measures of labour supply in the 1980

PUMS data, the coefficients for this parameter are given in Tables 5 and 6. In these Tables,

the coefficients for More than two children are given for four different methods: OLS, 2SLS

using only the same-sex instrument, 2SLS using Lewbel’s method based on heteroscedastic error

terms and a combination of the two. Then different dependent variables or measures for the

labour supply are taken to establish the effect of More than two children. The first measure

is the worked for pay binary variable that indicates if an individual worked in the year before

the census. The next variables display the number of weeks worked in the prior year for the

census and the third indicator is the average hours per week. The remaining dependent variables

display the individual’s labour income and the last two variables show the log of family -and

non-wife income.

As J. Angrist & Evans (1996) already established in their work, where only the same-sex

instrument was included, the effect of More than two children is generally negative for labour

supply outcomes. This is visible in columns (2) and (6) in Table 5 and 6 for the sample with all

women and only married women. When comparing the models that use the same-sex instrument

with the external instrument, a significantly decreasing shift is visible when using the external

instrument. In most cases, the coefficient forMore than two children becomes even more negative
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Table 4

First Stage Results

All Women Used All Married Women
in Same-sex Setting Used in Same-sex Setting

Independent Variables more2k more2k more2k more2k KIDCOUNT

Same-sex
0.06∗∗∗

(0.00)
-

0.07∗∗∗

(0.00)
- -

Age Mother -
0.03∗∗∗

(0.00)
-

0.03∗∗∗

(0.00)
0.9∗∗∗

(0.00)

Age First Time Mother -
−0.05∗∗∗

(0.00)
-

−0.04∗∗∗

(0.00)
−0.12∗∗∗

(0.00)

Mother Hispanic -
0.16∗∗∗

(0.00)
-

0.16∗∗∗

(0.01)
0.32∗∗∗

(0.01)

Mother Black -
0.00
(0.00)

-
0.00
(0.01)

−0.18∗∗∗

(0.01)

Mother Other Race -
0.9∗∗∗

(0.00)
-

0.06∗∗∗

(0.01)
0.17∗∗∗

(0.01)

R2 0.0037 0.0807 0.0048 0.0740 0.2213
F-stat 1, 461∗∗∗ 6, 928∗∗∗ 1, 216∗∗∗ 4, 069∗∗∗ 52, 700∗∗∗

Breusch-Pagan Test 1, 360∗∗∗ 10, 482∗∗∗ 1, 149∗∗∗ 8, 327∗∗∗ 44, 177∗∗∗

Number of Observations 394,840 394,840 254,652 254,652 927,267

Note: The first four columns are used for the results in tables 5 and 6. The fifth is used in Table 8.
∗p < 0.1;∗∗ p < 0.05;∗∗∗ p < 0.01

than the OLS estimates. The coefficients in (3) and (7) become more robust, compared to (2)

and (6), even though the results are more negative. Specifically, for the income variables and

the weeks worked, the results indicate an even more negative relationship between fertility and

those dependent variables.

Lewbel indicates in his paper that the use of IV based on heteroscedastic errors, in the best

scenario, can be done also including an external instrument. Therefore, in columns (4) and

(8), a combination of the two instruments is used. For all the estimates in these columns, the

coefficients are more robust than in either of the models with one instrument. In line with the

expectation when combining models, the combination gives estimates that are between the ones

from the two separate models. However, the estimates submitted through the model combination

are skewed more towards the estimates for the coefficients of the model where only the external

instrument is used. This could be a result of the more robust estimates that the model with the

external instrument has for all the dependent variables.

Linking the above-stated to the research question of how effective Lewbel’s method is in

establishing the effect of the number of children on labour supply outcomes, it can be considered

that Lewbel’s method proves to be a more accurate method than the standard 2SLS with the

same-sex instrument. It is true that the combination provides the most accurate estimates and,

thus, again Lewbel’s method provides a valuable addition to the general analysis of changes in

female labour supply induced by having children. We can even state that the external instrument

is an addition to Lewbel’s method when we look at the standard errors. These prove to be lower

than in the model where the external same-sex instrument is used. Although the covariances in

Table 3 showed results that indicated moderate relations between the error terms and the set of

data, the estimates still improve.
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The Pagan-Hall statistics are added next to the model’s coefficient estimates. The statist-

ics indicate strong heteroscedasticity. This heteroscedasticity increases generally when also the

same-sex instrument is included in the model specification. All the coefficients, including Lew-

bel’s IV, are significantly relevant on a one-percent level. Also, more relevant than the models

that only use the same-sex instrument.

Table 5

OLS and 2SLS Estimates of Labour-supply Models using Census Data

All Women

(1) (2) F-stat (2) (3) PH (3) (4) PH(4)

Estimation Method OLS 2SLS - 2SLS - 2SLS -

Instrument for More
than 2 children

- Same-sex Lewbel Both

Dependent Variable:

Worked for Pay
−0.18∗∗∗

(0.00)
−0.12∗∗∗

(0.03)
1,382

−0.13∗∗∗

(0.01)
8,846

−0.13∗∗∗

(0.00)
8,817

Weeks Worked
−9.0∗∗∗

(0.1)
−5.5∗∗∗

(1.1)
2,288

−12.3∗∗∗

(0.6)
5,418

−10.7∗∗∗

(0.5)
6,056

Hours/Week
−6.7∗∗∗

(0.1)
−4.5∗∗∗

(1.0)
2,060

−7.1∗∗∗

(0.5)
2,840

−6.5∗∗∗

(0.5)
2,989

Labour Income
−3, 768∗∗∗

(35)
−1, 900∗∗∗

(546)
1,897

−7, 147∗∗∗

(306)
1,267

−5, 920∗∗∗

(266)
1,283

ln(Family Income)
−0.14∗∗∗

(0.00)
−0.03
(0.07)

2,177
−0.34∗∗∗

(0.04)
1,185

−0.27∗∗∗

(0.03)
1,192

Note: The number of observations is 394,840. Non-wife income is not included, as this variable only plays a
role in a couple. ∗p < 0.1;∗∗ p < 0.05;∗∗∗ p < 0.01

For analysing the differences between the married and the total sample for women in Tables

5 and 6, we first look at the coefficients for the log of non-wife income. This generally shows

that the link between fertility and the dependent variable is negative. The 2SLS coefficient for

the combined models indicates that having a third child reduces the non-wife income by around

12.5%. This implies that the husband also earns less after having a child. This finding could

tell that the husband does some of the work for raising children that would otherwise be done

by the woman alone if a woman is not married. Therefore, the coefficients suggest that married

women can work more and earn more after having a child. Also, generally, the family income

for married couples decreases less than in the all-women sample.

5.3 Heterogeneity Analysis

This section provides a description of the heterogeneity analysis performed. As part of this thesis,

we performed a heterogeneity analysis by grouping the sample into three different groups for

both the husband’s income and the woman’s education. The income distribution for the husband

is not explained in the paper by J. Angrist & Evans (1996), while the income distribution for

the husband is indicated in their data. Therefore, this thesis uses the income group indicator

in their data. In addition, J. Angrist & Evans do not specifically mention which outliers they

remove from their sample, making it difficult to replicate. Still, the same-sex model and the

combination of IVs show surprising differences, as seen in Table 5.3. Again, the coefficients are

more robust in the model with both instruments compared to the one where only the same-sex
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Table 6

OLS and 2SLS Estimates of Labour-supply Models Using Census Data for Married Couples

Married Women

(5) (6) F-stat (6) (7) PH(7) (8) PH(8)

Estimation Method OLS 2SLS - 2SLS - 2SLS -

Instrument for More
Than 2 Children

- Same-sex Lewbel Both

Dependent Variable:

Worked for Pay
−0.12∗∗∗

(0.03)
−0.10∗∗∗

(0.02)
932

−0.15∗∗∗

(0.02)
6,052

−0.14∗∗∗

(0.01)
6,165

Weeks Worked
−8.0∗∗∗

(0.1)
−5.3∗∗∗

(1.2)
1,382

−10.7∗∗∗

(0.7)
3,461

−9.5∗∗∗

(0.6)
3,643

Hours/Week
−6.0∗∗∗

(0.1)
−4.8∗∗∗

(1.0)
1,394

−6.5∗∗∗

(0.6)
1,974

−6.1∗∗∗

(0.5)
2,025

Labour Income
−3, 148∗∗∗

(42)
−1271∗∗

(573)
1,041

−5, 087∗∗∗

(312)
874

−4, 227∗∗∗

(275)
884

ln(Family Income)
−0.14∗∗∗

(0.05)
−0.05
(0.05)

949
−0.29∗∗∗

(0.03)
246

−0.24∗∗∗

(0.03)
248

ln(Non-wife Income)
−0.06∗∗∗

(0.01)
0.03
(0.07)

854
−0.18∗∗∗

(0.04)
357

−0.13∗∗∗

(0.04)
359

Note: The number of observations is 254,652. ∗p < 0.1;∗∗ p < 0.05;∗∗∗ p < 0.01.

instrument is used. From section 5.2, it was determined that the combined model outperforms

the model where only Lewbel’s instrument is used. Together with the fact that Lewbel (2012)

indicates that the generated instrument is best used together with another external IV, the

heterogeneity analysis only uses the same-sex and the combined model.

As the external instrument needs heteroscedasticity in the first stage, it is especially inter-

esting to look at the differences between cohorts. For the first three rows in Table 7, the three

labour supply variables are considered: Worked for Pay, Weeks / Year, and Individual Income.

The cohorts are grouped according to the husband’s income distribution. The model with only

the same-sex instrument tends to underestimate the effect that an increase in more than 2

children has on the labour supply outcomes for the bottom and upper groups. This aligns with

the findings of Section 5.2. However, now it is visible that this is mainly the case for the more

divergent cohorts. Although the estimates for the lower husband’s income group are lower for

the combined, the estimates for the higher income group are even worse. The following three

rows are grouped by educational level. This is believed to be a proxy for income, so the sample

is grouped in this manner. As Gronau (1973) states in his research: The impact of having a

child on labour supply factors might be greater for more educated women. Based on the results

displayed for the same-sex instrument J. Angrist & Evans reasoned that this was not the case.

However, the results for the combined model show strongly that for more educated women, the

effect of having a third child is severe. This would then confirm the findings of Gronau.

Again, linking this with the main research question, including the Lewbel instrument, provides

more precise estimates in all models. It gives new insight into how having children affects la-

bour supply outcomes for different groups. The effectiveness is derived from the more accurate

estimates, significantly changing results for the different cohorts and improving the estimates.
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Table 7

2SLS Estimates of Labour-supply Models for Different Income and Education Cohorts for Mar-
ried Couples

Worked for Pay Weeks per Year Income Individual

Cohorts
% of
Total

Mean of
Dep. Var.

Same-sex Both
Mean of
Dep. Dar.

Same-sex Both
Mean of
Dep. Var.

Same-sex Both

Husband’s Income

Bottom Third 21 0.55
−0.11∗∗

(0.07)
−0.15∗∗∗

(0.05)
20.1

−6.7∗

(3.4)
−11.1∗∗∗

(2.2)
6,210

−1, 397
(1, 553)

−4, 455∗∗∗

(989)

Middle Third 37 0.59
−0.20∗∗∗

(0.05)
−0.10∗∗∗

(0.02)
21.9

−8.5∗∗∗

(2.1)
−8.1∗∗∗

(1.0)
7,191

−1, 461∗∗

(716)
−4, 359∗∗∗

(345)

Upper Third 42 0.46
−0.07∗

(0.04)
−0.17∗∗∗

(0.02)
15.9

−3.1∗

(1.6)
−9.7∗∗∗

(0.8)
7,615

−388
(801)

−4, 149∗∗∗

(384)

Education

Not Graduated 18 0.47
−0.12∗

(0.06)
−0.10
(0.06)

16.1
−7.2∗∗

(2.7)
−3.9∗∗

(2.2)
4,747

−3, 249∗∗∗

(1, 081)
−1, 557
(926)

High School Graduated 49 0.52
−0.15∗∗∗

(0.04)
−0.12∗∗∗

(0.02)
19.2

−6.2∗∗∗

(1.7)
−8.95∗∗∗

(0.8)
5,865

−1, 461∗∗

(716)
−4, 359∗∗∗

(345)

More Than Graduated 33 0.57
−0.07
(0.05)

−0.19∗∗∗

(0.02)
20.4

−2.6
(2.3)

−10.4∗∗∗

(0.8)
7,615

141
(1, 278)

−5, 402∗∗∗

(443)

Note: This table estimates the variable More than 2 children for different cohorts for education and husband’s
income on three labour supply outcomes. The (control) variables are the same as noted in the methodology
section. For the models in the first three rows, two variables (i.e., hispm and otherracem) were not found to
be heteroskedastic at a 5% level, thus indicating a weak instrument for those variables.
∗p < 0.1;∗∗ p < 0.05;∗∗∗ p < 0.01.

5.4 Intensive Margin

In this part of the results, we look at how the number of children affects the labour supply

proxies. Previously, a variable introduced by J. Angrist & Evans (1996) More than 2 children

was used as a fertility measure. The main reason for this usage was the applicability of the

same-sex instrument and the suitability to combine with the Lewbel instrument. The same-sex

instrument works only at the margin for more than two children. However, the instrument, as

generated through the seminal paper by Lewbel, also works without an external instrument. As

other external instruments are unavailable, Lewbel could provide exciting insights into labour

supply outcomes for all changes in the number of children. In Table 8 the outcomes are given

for an OLS and 2SLS regression. Also, the R2 and the Breusch-Pagan statistics are expressed

in the Table 8. The coefficients for the child count still indicate a strong negative relation for

all the labour supply outcomes. The 2SLS uses the Lewbel instrument.

Table 8

OLS and 2SLS Estimates of Labour-supply Models With the Lewbel Instrument

Dependent Variable OLS 2SLS OLS R2 2SLS R2 PH Test

Worked for Pay
−0.11∗∗∗

(0.00)
−0.04∗∗∗

(0.00)
0.05 0.04 15,000

Weeks Worked
−6.1∗∗∗

(0.0)
−2.9∗∗∗

(0.1)
0.08 0.06 9,587

Hours/Week
−4.8∗∗∗

(0.0)
−1.9∗∗∗

(0.0)
0.07 0.05 2,714

Labour Income
−2, 840∗∗∗

(14)
−2, 012∗∗∗

(30)
0.07 0.07 5,583

ln(Family Income)
−0.04∗∗∗

(0.00)
−0.09∗∗∗

(0.00)
0.05 0.05 2,679

Note: ∗p < 0.1;∗∗ p < 0.05;∗∗∗ p < 0.01.
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Considering the results presented in Tables 5 and 6, the OLS and the 2SLS only using Lewbel

give the most negative estimates. Therefore, it is probable that the estimates in Table 8 are

negatively overestimated. Yet, the estimates are well below the OLS results, which did not

occur in section 5.2. The estimated effect of having a child on the first five labour supply

outcomes indicates a negative relation between having an additional child and labour supply

factors. Comparing the results with Tables 5 and 6, we see that the estimates in the current are

approximately a fraction of 2 to 4 lower than the estimates in Tables 5 and 6. The estimates in

Tables 5 and 6 seemed to be the most robust and efficient for the model using two instruments.

Unfortunately, some of this strength is lost in the current models as the external instrument is

unavailable. These results do, very straightforwardly, state what an additional child costs the

mother and family. A woman is approximately 4% less likely to work when having an additional

child, keeping all the other control variables the same. Also, her income drops with $2012,- on
average per child.

Although an external instrument would be a helpful addition, this method does already allow

looking at the linearity of the labour supply outcomes on the number of children. This helps

to determine whether the variable for child count can be used most appropriately in a linear

model. This linearity is displayed in Figure 1 for four outcomes of the female labour supply:

whether one worked, average hours/week, the average number of weeks/year and the individual

income.

In Figure 1, the mean of four labour supply outcomes is plotted on the number of kids to-

gether with the standard errors of the means. When looking at the graphs, no visible differences

appear in marginal increases in children. However, the step from 1 to 2 does indicate some more

negative results compared to the rest of the values and it does not implicate nonlinearity.

19



Figure 1

A Plot of Labour Supply Outcomes’ Means on Numbers of Children

(a) Workedm (b) HOURSM

(c) WEEKSM (d) total incomem

Note. This Figure gives a representation of the means for the dependent variables: Whether a woman worked in the year
before the census, how many hours on average per week, how many weeks in the last year and her yearly income and the
standard errors of the means for all different values of the variable KIDCOUNT. All observations for more than 10
children were left out.
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6 Conclusion

This thesis aimed to answer two main questions: What is the causal effect of fertility on female

labour supply, and how effective is Lewbel’s method in determining this relationship compared

to the traditional same-sex instrument? By taking advantage of various econometric method-

ologies such as 2SLS for the same-sex and Lewbel IV, we provided different insights into the

relationship between fertility and labour supply outcomes. Our findings consistently suggest

a serious negative relationship between fertility and female labour supply, across all variables

tested. Having more children reduces female labour participation, the number of weeks worked,

hours per week, and labour income. This supports existing research suggesting that increased

fertility reduces women’s participation in the labour market and strengthens and supports even

more clearly J. Angrist & Evans (1996) their conclusion that the relationship is negative. These

results have substantial implications, potentially influencing women’s decision-making regarding

family and career. Our study went a step further by comparing the effectiveness of different

models. We found that the Lewbel instrument provided better estimates independently and

when accompanied by the same-sex instrument. Linking this conclusion to the main research

question provides us with the answer that Lewbel’s instrument is very effective and more ac-

curate in establishing the relationship between fertility and female labour supply than when

using the lacking same-sex instrument. The combination is an improvement over both models

alone since Lewbel (2012) supports. Even though not all constructed instruments proved to be

helpful, Lewbel’s method is a constructive addition to this research field, where an appropriate

external instrument is not accessible yet.

In response to our research questions, we found a significant negative relationship between

fertility and female labour supply, with each additional child reducing a woman’s likelihood

of working by 4% and her income by an average of $2012. Furthermore, we discovered that

Lewbel’s method, due to its ability to provide robust estimates without the need for an external

instrument, was more accurate in establishing this relationship compared to the traditional

same-sex instrument. The Lewbel instrument was also more effective when used in combination

with the same-sex instrument, enhancing its accuracy.

In summary, this study builds on existing literature by giving new insights into the effect

of fertility on female labour supply through various econometric methods, including the Lew-

bel instrument based on heteroscedastic error terms. It highlights the potential of innovative

approaches and advocates for continuous exploration and exploitation of new methods to re-

fine models for real-life phenomena. The revelations of this study could inspire future research

and policy formation, encouraging society to mitigate the adverse effects of fertility on women’s

labour supply.
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7 Discussion

This thesis used Lewbel’s method for creating an instrumental variable. The main issue with

applying this method was that the all the variables used as instrument did not show very

heteroscedastic errors. This can lead to useless instruments, however in this thesis, the estimates

still greatly improved. Also, the models still rejected homoscedasticity in the second-stage,

which potentially indicates that the estimates are not without error. The reason to apply the

Lewbel method is, because strong external IV’s are scarce in this research field. If there was

no question of endogeneity or mismeasurement then the use of Lewbel would probably not give

such differences. Therefore, a more appropriate IV is necessary. Lundborg et al. (2017) found

a strong instrument based on IVF, however the use of this instrument reduces the number

of observations to all the women that attempt IVF. As long as the perfect IV has not been

found, the Lewbel method proves to be a valuable addition to models into female labour supply

outcomes. To improve the models used in this thesis, an increase in the number of exogenous

controls can be considered. Also, a different method than 2SLS can be considered. For instance,

as many binary variables are used in the model such as the endogenous More than two children

and also one dependent Worked for pay, a probit regression could be a more fitting method for

models including those variables. As Lewbel (2018) mentions his method works also for a binary

variable, however a probit model is a more econometric, enhanced method for dependent binary

variables. For further model improvements, it should be determined whether a linear relation

between the number of children is actually correct. These are only three suggestions for model

specification.

As the results in this thesis mainly compare the results of J. Angrist & Evans (1996), their

data set is used. The 1980 PUMS data is likely not representational for the current situation.

A newer data set would thus give more precise information, however this privacy sensitive

information including an IV is not freely available. In summary, the model could be further

optimised for different settings combined with a more contemporary data set.
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A Replication simulation

Lewbel (2012) included a simulation study in his paper. This thesis used the 2SLS, which

coincides with the triangular system in his simulation. This simulation aims to elaborate on the

method and prove that method works. The R code for the simulation is included in the code

file. The simulation is based on equations A3 and A4. Monte Carlo simulations draw data from

the reduced form of the structural model

Y1 = β11 +Xβ12 + Y2γ1 + ε1, ε1 = U + eXS1 (A1)

Y2 = β21 +Xβ22 + Y1γ2 + ε2, ε2 = U + e−XS2 (A2)

where X,U, S1, and S2 are independent standard normal scalars and β11 = β12 = β21 = β22 =

γ1 = 1. The triangular design sets γ2 = 0 and Z = X. With these choice of Z the model

parameters in each design are exactly identified by Theorems 1 and 2 in in Lewbel (2012).

The parameters in equation A3 for the triangular design are not identified using traditional

exclusion assumptions. Table 1 reports results of 10,000 simulations of each design, with sample

size n = 500. Thus, the triangular design the DGP looks as follows:

Y1 = 1 +X + Y2γ1 + ε1, ε1 = U + eXS1 (A3)

Y2 = 1 +X + ε2, ε2 = U + e−XS2 (A4)

After generating the data, we first estimate β̂2 = (β̂21, β̂22)

β̂2 = XX ′ −XY2, ε̂2 = Y2 −X ′β̂2

The triangular design is estimated using the two stage least squares estimator and ε̂2(
β̂1

γ̂1

)
=
(
Ψ̂′

ZXΨ̂−1
ZZΨ̂ZX

)−1
Ψ̂′

ZXΨ̂−1
ZZ

(
XY1

(Z − Z̄)ε̂2Y1

)

where Ψ̂ZX function is defined as

ΨZX = E

[(
X

[Z − E(Z)]ε2

)(
X

Y2

)′]

and where Ψ̂ZX function is defined as

ΨZZ = E

[(
X

[Z − E(Z)]ε2

)(
X

[Z − E(Z)]ε2

)′]
The coefficients of interest are β1, β2 and γ1. For this simulation specifically, the β is a 2x1

vector and X is a 500x1 matrix. Y1, Y2, ϵ1 and ϵ2 are of the same dimension. The Ψ functions

are 2x2. This results in the following in the simulation results. As expected, the results are very

near the true values.
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TRUE MEAN SD LQ MED UQ RMSE MAE MDAE

β11 1 1.002 0.139 0.909 1.001 1.093 0.139 0.11 0.092
β12 1 1.002 0.275 0.83 0.999 1.171 0.275 0.212 0.17
β21 1 1.001 0.137 0.911 1.002 1.094 0.137 0.109 0.092
β22 1 1 0.277 0.831 1.003 1.174 0.277 0.213 0.172
γ1 1 0.999 0.035 0.98 1 1.019 0.035 0.026 0.019
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