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Abstract: Gender inequality in earnings can almost fully be attributed to having children 
according to existing literature. The impact of having a child on earnings of women relative 
to men is called the relative child penalty. In this paper, the relative child penalty and whether 
it differs across sectors is measured using the event study methodology by Kleven (2019b) 
on LISS panel data for the Netherlands. Firstly, results show a 30% medium-run relative 
child penalty in the Netherlands. Next, a significant difference was found across sectors, 
with relative child penalty levels ranging from 10% to 40%. An attempt at finding out which 
specific sector characteristics caused this difference was unsuccessful: no clear pattern 
could be found as sectors that were most similar across characteristics had quite diverging 
child penalty levels. When focusing on one characteristic at a time by sorting sectors into 
one of two clusters based on their mean value compared to the overall mean value of the 
characteristic, diverging child penalty levels might indicate which characteristic carries a 
larger weight in determining the child penalty level. The results seem to indicate that 
education level might make the biggest impact, followed by non-standard working hours and 
then a sector’s dominant gender. The average earnings of a sector seemed to be the least 
important compared to the other characteristics.  
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1. Introduction 
In the first half of the 20th century, the male breadwinner/female caregiver family structure was 

the norm. Nowadays, a dual-earner structure is more common as gender ideology has 

changed quite a bit (Kroska & Elman, 2009). While gender inequality has been observed to 

decrease over time, a gap in earnings between men and women still persists today, also in 

Western countries (Chantreuil et al., 2021).  According to Kleven et al. (2019b), almost the 

entire remaining gender gap in earnings can be attributed to the presence of children. This is 

because the earnings of women are impacted more strongly than the earnings of men after 

having a child. This concept is called the child or motherhood penalty, first coined by Budig 

and England (2001).  

 

The remaining inequality on earnings for women can only ever be disentangled if the factors 

affecting it are researched and identified. Therefore, it is essential to know which 

characteristics of mothers and their employment might influence the child penalty. Quite a lot 

is known about the child penalty size across countries (Kleven et al., 2019a, Lebedinski et al., 

2022; Zhou et al., 2022) and for different gender norms or childcare policies (Andresen and 

Nix, 2019; Rabaté & Rellstab, 2021; Kleven, 2022). Whereas not much is published about the 

child penalty size differing between sectors or industries, except for the research done by 

Fontenay et al. (2021) on the different levels of the child penalty per industry in Belgium. This 

gap in the literature is socially relevant because by clustering sectors together based on similar 

characteristics and measuring the child penalty for these different clusters, one can try to 

distinguish which characteristics might increase gender inequality. In this way, I try to analyze 

which aspects of a sector ‘punish’ mothers more in terms of labor market outcomes. As a result, 

it opens up the possibility to make sector specific policy recommendations in order to 

accommodate for a smoother transition for parents in continuing their career after having a 

child.  

 

The child penalty will be estimated across sectors in the Netherlands specifically as it has been 

found to have a high child penalty level of around 46% after 7 years (Rabaté & Rellstab, 2021) 

or 47% after ten years (Artmann et al., 2022). This is higher than in most other European 

countries, the UK and the US. Only Germany and Austria have higher relative child penalty 

levels (Kleven et al., 2019b; Sieppi & Pehkonen, 2019; Andresen & Nix, 2020). This high level 

of the child penalty found in the Netherlands is especially puzzling when you take into 

consideration that the Netherlands ranked third in the EU on the Gender Equality Index in 2022 

(EIGE, 2023).  

 

Therefore, the main research question of this thesis will be the following:  
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Does the relative child penalty differ significantly across sectors in the Netherlands? 

 

In order to find an answer to this question, several sub-questions have to be investigated. First 

of all, it has to be determined whether a significant child penalty can be measured in the 

Netherlands by comparing the income trends of mothers and fathers over time before and after 

having a child. After that, the child penalty should be measured in size across different sectors, 

to establish whether there is a significant difference across these sectors. Different clusters 

will be formed based on multiple attributes at once such as average education level, average 

earnings per sector and the nature of the work being done in the sector. This way, I can 

compare sectors that have similar characteristics and research whether they also have similar 

child penalty levels. Afterwards, the relative child penalty levels will be estimated for clusters 

that only consider one characteristic at a time, by sorting sectors into one of two clusters based 

on where the sector mean lies compared to the overall mean value of the characteristic. In 

doing so, I can theorize which attributes might have a bigger impact on the child penalty size. 

 

The paper is structured as follows: section 2 will explain findings from relevant literature closely 

related to the topic of this thesis, section 3 will cover the data source and the descriptive 

statistics of the sample, section 4 will describe the methodology used, section 5 will present 

the results and section 6 will be a conclusion of the findings and their limitations.  
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2. Underlying theory 
Child penalty 
The child or motherhood penalty refers to the causal impact of having children on the labor 

market outcomes of women relative to men and is estimated using the event study approach 

based around first childbirth also applied in this thesis (Kleven et al., 2019b). There are three 

components that cause this mechanism of women falling behind men after having a child: the 

wage rate, the number of hours worked and the labor force participation. In Denmark, these 

three components were of relatively equal weight in determining the long-run drop in income 

of around 22% for mothers relative to fathers after having a child (Kleven et al., 2019b), 

whereas Rabaté and Rellstab (2021) measured a relative long-run child penalty of 46% seven 

years after childbirth in the Netherlands, which is more than two times as big. They found a 

penalty of around three times the size for earnings and hours worked compared to labor force 

participation and wage rates, showing that not all components are of equal weight in the 

Netherlands. The fact that the relative child penalty is mainly caused by the decrease in hours 

worked after childbirth, is in line with Dutch labor market trends given that working part-time is 

very popular for mothers and the likelihood of working part-time increases in the presence of 

children (Bosch et al., 2008).    

 

The child penalty does not only differ per country, but also between mothers due to a difference 

in characteristics, such as education level (Anderson et al., 2002; De Quinto et al., 2021).  The 

least-educated mothers bear no penalty whatsoever, while mothers who have a high-school 

or college education earn ten percent less than childless women with the same education level, 

this difference becomes even bigger if the number of children rises (Anderson et al., 2002). 

Contrastingly, De Quinto et al. (2021) found that college-educated mothers in Spain are more 

likely to work part-time and remain employed than non-college educated mothers, resulting in 

a significantly smaller decrease in earnings and number of days worked for college-educated 

women. Thus, it is important to take education level into account when making a distinction 

between sectors in our analysis to estimate the child penalty per sector cluster. This is because 

it can affect the child penalty level either directly or by influencing the number of hours worked, 

which is the main driver of the child penalty in the Netherlands.  

 

Gender norms have also been found to play a role in the size of the child penalty. Andresen 

and Nix (2019) looked at child penalty differences between heterosexual and lesbian parents, 

caused by gender norms. They found that both mothers in lesbian couples experience a child 

penalty around a year after childbirth, where the mother who gives birth suffers from a penalty 

twice the size of her partner. Yet, this difference is significantly smaller than it is for 

heterosexual women. Most striking is the fact that the penalties for both mothers in a lesbian 
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couple converge and after 5 years, almost entirely vanishes. They explain this because both 

partners in lesbian couples are seen to decrease their number of working hours, whereas 

heterosexual fathers act unlike their counterparts by increasing working hours. Also, more 

mothers work full time in lesbian couples than in heterosexual couples. Because of this, only 

heterosexual parents will be used in this analysis, so that the differing gender norms will not 

impact the results for any of the sector clusters. 

 

Whether there is a significant difference in child penalties for women between industries was 

researched by Fontenay et al. (2021). They found significant differences between 11 defined 

industries in Belgium: the estimated child penalty is about twice as large (30%) in health, real 

estate and hospitality, compared to education and public administration (around 15%). They 

explain that in public sectors such as education, holidays are well defined and working hours 

are quite constant, whereas sectors with larger penalties such as health and hospitality suffer 

from changing schedules and working non-standard hours might be expected from workers. A 

positive correlation was established between the size of the long-run child penalty per sector 

and multiple indicators such as having an atypical work schedule, having a poor work-life 

balance and working irregular hours. This would mean that in sectors where women suffer 

from a self-reported poorer work-life balance, work more often at night or during the weekends 

or find themselves facing a different schedule every week suffer from a larger long-run relative 

child penalty. The paper by Fontenay et al. is the most similar to the research topic of this 

thesis, where a comparable analysis will follow for the Netherlands. This thesis will add to the 

analysis done by Fontenay et al. by using a cluster design instead of conducting the 

methodology on individual sectors, which allows us to research whether heterogeneity in the 

relative child penalty exists for a subset of different characteristics.  

 

Sector characteristics potentially influencing the child penalty 
There is a scarcity of studies on sector differences in relative child penalty levels, but the 

gender wage gap has been compared across sectors quite often. This allows us to hypothesize 

which sector characteristics increase gender inequality and thus, might affect the child penalty. 

The private sector has been found to show more evidence for gender inequality and larger 

wage gaps than the public sector, likely due to collective bargaining being less common and 

the lack of information on pay comparability (Miller, 2009; Bergmann et al., 2019). Next to that, 

sectors or positions within a sector that are male-dominated tend to show higher wage gaps 

than female-dominated sectors (Bergmann et al., 2019; Shahrabani, 2007). 
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Shahrabani (2007) compared existing gender wage gaps and predicted wage gaps in her 

model using four economic sectors: the public sector, services based on high-education, 

services based on low-education and the products sector. The largest wage gap was found in 

the high-education service sector, which seems in line with the finding that the child penalty is 

larger for women who are more educated. In addition, this paper finds evidence for employer 

discrimination in the male-dominated sectors (products sector and low-services sector), 

because the gender wage gap would have increased if women had the same characteristics 

as men in their model. A similar sector classification was followed in this thesis as the one 

Shahrabani (2007) uses to estimate the child penalty levels for different sector clusters.  

 

Sector characteristics that are closely related to parenthood are also a likely indicator for child 

penalty divergence between sectors. Flexibility has been found to be an important factor in 

decreasing the gender pay gap between mothers and childless women, where flexible hours 

play the most important role (Fuller & Hirsch, 2019). However, in high-income or high-status 

jobs this demand for flexibility and taking breaks from working are punished, despite being a 

common demand for parents who just had a child (Bertrand et al., 2010). Flexibility in the form 

of worker control on work hours are a protective factor over work/life and work/family balance, 

whilst working non-standard hours have a negative effect on this balance (Arlinghaus et al., 

2019). A bad work/life balance has also been found to be a reason for parents to reduce their 

working hours (Arlinghaus et al., 2019), which is an interesting finding as this reciprocal 

relationship between work/life balance and working hours will likely influence the child penalty 

across sectors in the Netherlands. This could indicate the child penalty to be higher for jobs 

with a worse work/life balance or jobs which are stricter in terms of labor culture. Kumari and 

Devi (2016) found the worst work/life balance in the healthcare sector, while the balance was 

the best in the education sector. The highest and lowest child penalty levels estimated by 

Fontenay et al. (2021) were also found in the respective sectors, indicating that work/life 

balance might be an important factor for our research. 

 

Considering the findings described above from relevant literature, I would expect the child 

penalty to be higher in sectors which are: 

 i) private ii) stricter in necessary qualifications or education level iii) male-dominated or 

traditionally seen as masculine iv) have a worse work/life balance.  
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3. Data source 
To estimate the size of the child penalty across different sectors, I will use the Longitudinal 

Internet Studies for the Social Sciences (LISS) panel. The LISS panel data is made up of 

around 7 500 individuals in 5 000 households, the traditional sample has been randomly drawn 

in collaboration with Statistics Netherlands (CBS) to achieve a true probability sample. 

The LISS panel data archive consists of surveys measuring background variables, which are 

conducted monthly, and different core studies focusing on more specific topics conducted 

yearly. I will be using the monthly waves of background variables to retrieve the income of the 

respondents, their education level as well as their gender. Furthermore, I will use the core 

study on Family and Household to retrieve the number of children per respondent and at which 

point in time their first child was born. Lastly, the Work and Schooling core study will be used 

to retrieve in which one of the fifteen sector categories defined in the survey the respondent 

works.  

 

I am planning to use a time frame of 7 years to measure the child penalty, so that I can measure 

the income of both parents 2 years before and up until 5 years after the birth of their first child. 

Because the available LISS panel data starts at the end of 2007, the first available full year of 

monthly background variable waves is the year 2008. The most recent core studies on Work 

and Schooling and Family and Household are from the year 2022. Therefore, to make sure 

that the parents’ income has been observed at least once before or after having a child, I will 

look at parents who had their first child from 2009 until 2021. 

In order to create one dataset containing all the necessary variables, I will merge the datasets 

by matching them on identical respondent identifiers.  

 

3.1 Variable definitions 
Sector 
Sector is a categorical variable with 15 groups. The sector defines which sector the respondent 

was first observed working in. This means that sector data from 2008 is used and if missing, 

the next available sector data will be used. This is done because taking the most recent sector 

could bias the results as women are prone to switch to more family-friendly or public sectors 

after having a child (Kleven et al., 2019b). The original question from the LISS dataset contains 

15 categories, but nobody in the sample works in mining, so that sector was dropped out.  

The sector ‘Other’ was not used as the LISS codebook did not give a description of what this 

sector exactly entailed. Thus, our final sample consists of 13 different sectors. The sectors 

were then grouped together in clusters to maintain a decent sample size, as there are not 

enough individuals per sector to obtain an accurate estimate for all 13 sectors separately. 
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The original sectors were divided into different clusters to create a distinction based on multiple 

characteristics at once. The sectors were allocated based on descriptive statistics such as 

average education level, average annual earnings and share of (fe)males per sector (table A.2, 

figure A.3, figure 3.2.2) as well as the goal/nature of the work. The individual sectors that were 

most similar across all characteristics were then clustered together. This created five sector 

clusters: the healthcare, public, high-services, low-services and products sector clusters. The 

classification is similar to the one used by Shahrabani (2007) in his paper on gender inequality 

in different economic sectors. 

 

The healthcare sector was the only original sector analyzed on its own, because it contains 

the same number of observations as the other four clusters and is rather unique in certain 

characteristics such as having a high share of workers working in the weekend, in the evening 

or at night (Figure A.4 in the appendix). Fontenay et al. (2021) found that the healthcare sector 

had the largest child penalty as well as the worst work/life balance out of the sectors they 

examined for Belgium. Thus, I believe conjoining the healthcare sector into a cluster with 

education and government services would cause for a higher estimate of the child penalty, 

mainly driven by the healthcare sector observations. In the interest of making relevant 

conclusions about which sector characteristics might indicate a larger child penalty for mothers 

working in the sector, I separated the healthcare sector from the public sector cluster.  

The public sector cluster consists of government services, education and healthcare/welfare. 

The high-services sector cluster consists of financial and business services. The low-services 

sector cluster consists of catering, retail trade and environmental services. Lastly, the products 

sector cluster consists of agriculture, industrial production, utilities production, construction and 

transport/storage.  

 

In further analysis, the sectors have been split repeatedly into 2 categories: feminine or 

masculine, high or low education, high or low earnings and finally, working standard or non-

standard hours. When deciding whether a sector falls under the feminine or masculine 

category, the share of (fe)males in the sample working in the sector (figure 3.2.2) was 

considered. The masculine group consists of agriculture, industrial production, utilities 

production, construction, transport/storage, financial, business services. The feminine group is 

made up of retail trade, catering, government services, education and healthcare/welfare. 

Even though the majority working in the financial sector is female in the sample, this sector is 

mostly male dominated, especially in higher positions as described by Knights and Tullberg 

(2014). The opposite holds true for retail trade, as this sector shows a great presence of female 

managers based on Amin and Islam (2014). Therefore, the choice was made to allocate these 
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sectors to the opposite gender instead of the gender of the majority working in these sectors 

as suggested by the sample.  

For the other characteristics, the sectors were allocated based on the mean value for each 

respective characteristic. If the mean value of an individual sector was above or below the 

mean value for all sectors considered combined, this determined which of the two clusters the 

individual sector was allocated to. Table A.2, figure A.3 and figure A.4 show the descriptive 

statistics per sector for these characteristics (education, average annual earnings and working 

(non-)standard hours).  

 

Income 
Gross monthly earnings were used to obtain the income level. The monthly data was opted for 

over the annual income available in another dataset (Economic Situation: Income) because it 

allows us to estimate income more precisely as there are more income observations for the 

same individuals. The monthly data on income was used to make a more precise estimate of 

annual income than the annual income variable provided in the Economic Situation: Income 

dataset. 

There are some income outliers as seen in the box plot (figure A.1) in the appendix. This could 

bias the results, especially because the sample size is not large. The outliers were removed, 

even though having a much higher income than the rest of the sample does not necessarily 

have to be incorrect. Because the outliers are observed to be from the same respondent, this 

seems to corroborate the fact that these outliers do not by definition have to be errors made 

when storing income in the dataset. However, the two highest income points belonging to the 

same individual change the results by quite a large margin. Therefore, these income points 

have been removed as the results cannot be driven by the outliers. 
 

Age (when having a child) 
I create two variables, age and age when having a child. In this way, the descriptive statistics 

at 𝑡 − 1 can show the average age of respondents when having a child, which is their age at 

𝑡 = 0, one year later. Age is the difference between the year in which the survey was taken 

and the birth year of respondents. Age when having a child is the difference between the birth 

year of their first child and their own birth year.  

 
Number of children 
The number of children is generated by looking at the number of biological children that the 

respondent has at the end of the event time frame (𝑡 = 5).  
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Education level 
The dataset contains a variable using the 6 education level categories the CBS (2021) uses. 

The lowest level is primary school and the highest level is WO (university). The CBS often uses 

a three-scale ladder of education levels ranging from poorly, relatively to highly educated. 

Following this logic, the six original categories are rearranged to follow the three-scale level 

system as I find this system to be more indicative. 

 

Table 3.1 

Sample Selection Table 

Subgroup specified in sample Number of Individuals in Sample 

All survey respondents 31 737 

Consistent gender and birth year throughout dataset 30 628 

Respondents also in the work and family datasets 15 516 

Respondents with children 10 020 

Parents with children born between 2009-2021 2 116 

Parents who have biological living children 1 573 

Parents who were older than 20 when having a child 1 573 

Heterosexual respondents 1 295 

Most recent sector is known 1 229 

Parents with data on income during event time window 1 045 
Note: The dataset is cleaned by dropping any observations I cannot use for the analysis. Any respondents who 
changed in gender or birth year during the data collection over the years have been dropped out due to discontinuity 

in a time-invariant variable in the dataset. First, all respondents are matched on their identical respondent ids for all 

three datasets. Next, respondents who are not parents or did not have their first child between 2009 and 2021 are 

dropped. Furthermore, I will not include parents who adopted their children, because the date of birth of the child 
does not always match the time the child was adopted into the household. Parents whose child passed away were 

also dropped, as this event probably greatly affects the labor market choices of parents in an abnormal sense. Teen 

parents will also not be included in this analysis, as they are outliers in the sense that they most likely have not had 
a stable income or career before or after the birth of their child and thus, the determinants of the child penalty are 

different for these parents. Although, no parents left in the sample at this point were teen parents. Parents who are 

not in a heterosexual relationship will also be dropped out, as gender norms are a main driver of the child penalty, 
and this would cause a less reliant analysis. Lastly, I need data on the sector the respondent works in as well as 

their income to perform the analysis. So, parents who did not have data for either of these things had to be removed. 

Parents with an income of 0 were included, only missing observations were dropped. 
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3.2 Descriptive statistics 
When analyzing the descriptive statistics table (table 2 in the appendix), I find that the sample 

is relatively balanced in gender: 55% of the sample is female, whilst 45% is male. The mothers 

in the sample earn quite a lot less than fathers do; mothers earn 27 880 euros on average, 

while fathers earn 35 220 euros on average. This means that the average annual income of 

mothers is 7 340 euros lower. This is especially interesting when considering that the mothers 

in our sample are relatively more educated. While the majority of the total sample is highly 

educated, 62% of women are highly educated while 53% of men are in the sample. Only a 

small portion is poorly educated, there are again relatively more men (10%) in this category 

than women (4%). However, women in the sample work around 6 hours less a week than men 

do: the mean value of weekly work hours for men is 39.23 and 33.69 for women. The mean 

value indicates that a large share of women in the sample work part-time; the OECD makes a 

distinction between part-time and full-time at the 30-hour threshold, whilst the CBS uses a 35-

hour threshold. Using either definition, I conclude that working part-time is rather popular in for 

women in our sample. 

 
The most interesting finding is the differences across sectors. As seen in figure 3.2.1 below, 

the relative share of males working in each sector is quite similar, with all values being below 

15%. For women, the healthcare/welfare sector is extremely popular, it has about roughly twice 

the size compared to the second most popular sector. As around 33% of women in our sample 

work in the healthcare/welfare sector, this might bias the result of the regression analysis done 

per sector as the other samples will be smaller and thus, less representative.  

 

Figure 3.2.1 
Bar Graph of Average Amount of Workers Across Sectors for both Females and Males 

 
Note: The sector categories were recoded to use the first three letters of their label name to fit them all on the axis 
and to have a more organized graph. The female and male bar graphs have different scales for the y axis: the 
female graph reaches from 0 to 40 percent, while the male chart reaches from 0 to 15 percent. 
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Another interesting finding is that different sectors are more popular across genders, the 

sectors that are traditionally perceived as more ‘masculine’ such as transport/storage, 

construction and industrial production also have more male workers relative to female workers 

in the sample. This can be seen by looking at these sectors in the femininity/masculinity index 

in figure 3.2.2 below. 

 

Figure 3.2.2 
Femininity/Masculinity Index per Sector 

 
Note: The index shows whether a sector if male- or female-dominated by examining the share of (fe)males working 
in each sector. The closer to zero, the more masculine the sector is. The closer to one, the more feminine the sector 
is, as the sex variable takes a value of 0 if male and takes a value of 1 if female.  
 

The men in the sample are generally older when they become a first-time parent, as compared 

to the women in the sample. The average age one has when they have their first child is 30.32 

years for females and 32.79 years for males. These results are very much so in line with the 

average age of first-time mothers and fathers in 2021 in the Netherlands as published by the 

CBS Statline (2022). In 2021, Dutch mothers were 30.3 years when they had their first child, 

while Dutch fathers were 32.8 years old.  

 

The average amount of children parents have is also relatively in line with the average amount 

of children the sample has at the end of the event time frame. In 2021, Dutch mothers had 

1.62 children on average, similar to the mean value of 1.60 children for the mothers in our 

sample (CBS Statline, 2022). Dutch fathers had 1.60 children on average in 2021, which 

means that mothers had more children than fathers based on Dutch data, which is the other 

way around for our sample. Even though the mean values are very similar, fathers in the 

sample had 1.61 children on average.  
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Figure 3.2.3 below shows how many mothers and fathers became a parent for the first time 

per year. The number of births is spread quite evenly across gender, considering the fact that 

we have more females than males in our sample. The number of births differs over the years, 

but there is not an extreme outlier that would potentially cause problems or bias the results.  
 
 
Figure 3.2.3 
Line Graph of Number of Births of First-Born Children per Year for both Females and Males 

 
Note: The y-axis showing the number of births, ranges from 0 to 60. The x-axis is ordered on all years between 
2009-2021. The purple line represents females and the green line represents males.  
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4. Methodology 
To measure the size of the child penalty (across sectors) I will be using the event study method 

designed by Kleven et al. (2019b). This approach looks at sharp changes in labor market 

outcomes for mothers relative to fathers around the time of childbirth. The time of birth of the 

first child will 𝑡 = 	0	and all years included in the analysis will be indexed relative to the birth of 

the first child. This will result in a medium-run event time span of 𝑡	 − 2	to 𝑡 + 	5. Kleven et al. 

(2019b) estimate the long-run child penalty at times 𝑡 = 	10 or 𝑡 = 	20. Since our time frame is 

smaller, I will end up estimating a medium-run penalty at time 𝑡 = 	5. Because of this, the child 

penalty will be less constant than a more long-run one.  

 

The main assumptions of this method are smoothness and exogeneity. For smoothness, what 

is meant is that income determinants that are unrelated to the presence of children such as 

age or education evolve smoothly over time, instead of changing abruptly. Exogeneity relates 

to the fact that the timing of the birth of a child is exogenous to earnings, this means that your 

income level will not directly affect whether you will decide to have a child or not. Combining 

these two factors, when changes to earnings around the event time (childbirth) are sharp, one 

can relate them to the event. This is because if one were to observe sharp changes in income 

around childbirth, it would most likely be because of this event rather than being a result of 

other income determinants as they evolve smoothly over time.  

These assumptions are used to estimate the short-run impact. However, the smoothness 

assumption alone is not sufficient when looking at a longer time frame as income determinants 

unrelated to children can change considerably over a longer period of time. Thus, I will take 

the time and life cycle trends into account.  

 

 

𝑌!"#
$% =	∑ 𝛼&

$% ∙ Ι[𝑗 = 𝑡]&'( 	
+∑ 𝛽*

$% ⋅ Ι[𝑘 = 	𝑎𝑔𝑒!"]* +	∑ 𝛾+
$% ⋅ Ι[𝑦 = 𝑠] +	𝜀!"#

$%
+ 	          (1) 

 

The regression above shows the model used to measure the annual income in euros ( 𝑌!"#
$ ) for 

individual 𝑖 working in sector 𝑐 of gender 𝑔 in year 𝑠 and event time 𝑡. The three dummies 

included in the model above are event time, age and year dummies from left to right. The event 

time dummy has to be omitted at 𝑡 = 	−1 according to the method because in doing so, the 

event time coefficients, which estimate the effect of the birth, are all measured relative to the 

year right before the first childbirth. The other two dummies are used to control for life cycle 

and other trends over time.  

 

The next step is for us to turn the level effects into percentage effects: 
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𝑃#
$% = ,-!

"#

./01$%!
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                                                             (2) 

Where 𝑌?!"#
$% shows the predicted outcome when omitting the event time dummies, which gives 

us the result when a child would not have been had. Thus, 𝑃#
$% gives us the effect of having 

children relative to the counterfactual of not having children.  

  

After running the regression model for mothers and fathers separately and turning it into a 

relative measure, I want to compare them to get the relative child penalty per sector 𝑐: 
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5. Results 

5.1 Main results 
When applying the methodology to the entire sample, I find the presence of a child penalty in 

our subset of individuals. As seen in figure 5.1 below, the medium-run relative child penalty on 

income is 30%. Up until five years after birth, almost no effect is witnessed on the income of 

men in our sample, whereas women start to earn significantly less in a continuously decreasing 

rate during the time span of five years after childbirth. Thus, I can conclude that there the first 

hypothesis of the existence of a child penalty holds true.  

 

Figure 5.1 
Income Child Penalty of the Entire Sample  

 
Note: Event coefficients are shown in dots and plotted per event time. The confidence intervals are the vertical lines 
through the event coefficients. Standard errors are clustered at the individual level. The green line represents 
fathers, and the purple line represents mothers. The medium-run relative child penalty is measured at t=5. This 
medium-run child penalty represents the rate at which women are falling behind men. 
 
 
The child penalty on earnings consists of three components: work hours, labor force 

participation and wage rate. To see whether work hours are of larger importance than the other 

two components in the Netherlands as theorized before, I will look at the decomposition of the 

child penalty on earnings. Data on net/gross wages was only available for 2018-2022, so 

therefore the wage rates were calculated using the income of the respondent divided by the 

number of hours worked. For labor force participation, a dummy variable was created that took 

a variable of 1 if the respondent worked more than 0 hours that year and 0 otherwise. 

Figure 5.1.2 below shows the medium-run relative child penalty on work hours, with a 

magnitude of 19%. The figure shows a negative trend in work hours for both mothers as well 

as fathers, unlike the child penalty on earnings in which there seems to be almost no trend for 

fathers. Figure 5.1.3 below shows the medium-run relative child penalty on wage rates. The 

figure shows a stable trend for both men and women, with a very minimal diverging trend in 
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wage rates for the two genders from t=3 onwards. This is somewhat unexpected, given the 

fact that multiple authors find a strong pattern in reducing wage rates after having a child 

(Kleven et al., 2019b; Rabaté & Rellstab, 2021). In contrast, Artmann et al. (2022) find that 

there is hardly a drop in wage rates right after childbirth for women in the Netherlands, with a 

gradual and relatively small decreasing trend in the years following. They conclude that work 

hours are the main driver of the relative child penalty on earnings. This flatter trend in the wage 

rate decomposition is also found by Fontenay et al. (2021), who initially see an increase in 

wage rates for mothers right after giving birth and a relatively flat decreasing trend in the years 

after leading up to a relative child penalty on wage rates of 9%.  

Figure 5.1.4 below shows a medium-run relative child penalty of 5% on labor force 

participation, with a slight decreasing trend for both mothers and fathers. The significance of 

the regression coefficients using labor force participation as dependent variable is somewhat 

smaller than the significance of the coefficients using earnings or work hours as dependent 

variable, as seen in table A.3 in the appendix. 

The insignificance of the relative child penalty on wage rates in combination with the small 

magnitude of the relative child penalty on labor force participation, seem to indicate that work 

hours are of larger importance in determining the relative child penalty on earning in the 

Netherlands. Still, one should be careful in stating this fact, as there was a slight lack in 

availability on the number of hours worked compared to the number of observations for income. 

This in turn also affects the accuracy of the estimates for the relative child penalty on wage 

rates and labor force participation, as those dependent variables are calculated using the 

available information on work hours. 

 

Figure 5.1.2 
Child Penalty on Work Hours for the Entire Sample 

 
Note: Event coefficients are shown in dots and plotted per event time. The confidence intervals are the vertical lines 
through the event coefficients. Standard errors are clustered at the individual level. The green line represents 
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fathers, and the purple line represents mothers. The medium-run relative child penalty is measured at t=5. This 
medium-run child penalty represents the rate at which women are falling behind men. 
 
Figure 5.1.3 
Child Penalty on Wage Rates for the Entire Sample 

 
Note: Event coefficients are shown in dots and plotted per event time. The confidence intervals are the vertical lines 
through the event coefficients. Standard errors are clustered at the individual level. The green line represents 
fathers, and the purple line represents mothers. The medium-run relative child penalty is measured at t=5. This 
medium-run child penalty represents the rate at which women are falling behind men. 
 
Figure 5.1.4 
Child Penalty on Labor Force Participation for the Entire Sample 

 
Note: Event coefficients are shown in dots and plotted per event time. The confidence intervals are the vertical lines 
through the event coefficients. Standard errors are clustered at the individual level. The green line represents 
fathers, and the purple line represents mothers. The medium-run relative child penalty is measured at t=5. This 
medium-run child penalty represents the rate at which women are falling behind men. 
 

5.2 Child penalty on earnings for different clusters  
When sectors are clustered together based on multiple characteristics, one can try to find more 

specific correlations between sector characteristics and the child penalty. Figure 5.2.1 shows 

the medium-run relative child penalty estimates for five different sector clusters. Most 

noticeable is the public sector cluster, showing the lowest estimated relative child penalty with 
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a level of only 10%. This seems to confirm the view of the public sector being rather family 

friendly. The highest relative child penalty (40%) is found in the healthcare sector. These 

findings are in line with those of Fontenay et al. (2021) who also found the highest child penalty 

in the health and social work sector, with the lowest penalties estimated in the education and 

public administration sectors. Even though the healthcare sector in the sample is characterized 

by being the most feminine and having quite low annual earnings, the estimated relative child 

penalty is surprisingly high. The sector does have higher education levels as well as a high 

share of the sample working outside regular office hours or in the weekend, which might 

contribute more to the level of the child penalty than the femininity or average earnings of the 

sector. 

The products sector cluster comes in at a close second, with an estimated 39%. The results 

for the products sector cluster are in line with those of Shahrabani (2007), who found evidence 

for employer discrimination in the products and low-services clusters. The low-services sector 

cluster also has a relatively high medium-run relative child penalty in our sample: 29%. This 

does indicate that our earlier hypothesis suggesting that a sector characterized by a higher 

education level would indicate a higher child penalty likely does not hold. As the clusters in our 

sample that are characterized by a lower education level such as the products or the low-

services sector clusters have higher child penalties than those which are characterized by 

higher education levels (public and high-services sector), with the healthcare sector being an 

exception. However, as all clusters have a relatively high average education level, it is harder 

to make a conclusion because there is not a single sector in which the majority of workers in 

the sample fall in one of the lowest two education levels. Therefore, I can only look at clusters 

that have lower education levels compared to other clusters. In reality, the difference between 

clusters might not be big enough to cause a much higher/lower penalty.   

Also when looking at average earnings per cluster, I do not seem to find a trend. The clusters 

with relatively low average annual earnings such as the low-services sector or the healthcare 

sector have quite different levels of the child penalty. The same holds for clusters with higher 

earnings such as the products or the high-services clusters.  

 

Thus, I cannot find a clear pattern between the child penalty and multiple characteristics such 

as education level, femininity/masculinity or average earnings across different clusters. The 

clusters that have the most similar relative child penalty levels differ quite a lot in 

characteristics: the products sector is very masculine, has high earnings and a lower average 

education level, while the healthcare sector is the very feminine, with low average earnings 

and a higher education level. In contrast, the clusters with the most divergent penalty levels 

are rather similar in terms of characteristics: the public sector is also quite feminine, has a high 

education level, but has middle-of the road earnings. This might be due to the fact that there 
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are other elements at play within sectors that I did not include in our analysis such as: 

individualism/altruism, the availability of information on pay, necessary qualifications or the 

rank one possesses within a sector. In addition, our sample size was rather small and did not 

contain as many observations per sector. This is why the confidence intervals are larger for 

men in the healthcare sector and women in the products sector cluster, as these gender and 

sector combinations had a low number of observations. Therefore, the results should be 

approached with some caution.  
 

Figure 5.2.1 
Income Child Penalty for all Five Sectors Clusters 

 
Note: From left to right, top to bottom: the healthcare sector, the public sector cluster, the high-services sector 
cluster, the low-services sector cluster and the products sector cluster. Event coefficients are shown in dots and 
plotted per event time. The confidence intervals are the vertical lines through the event coefficients. Standard errors 
are clustered at the individual level. The green line represents fathers, and the purple line represents mothers. The 
medium-run relative child penalty is measured at t=5. This medium-run child penalty represents the rate at which 
women are falling behind men. 
 

5.3 Heterogeneity between characteristics 
The clusters above are made based on multiple characteristics at once, but when focusing on 

one characteristic (femininity/masculinity) only, one can try to research whether a specific 

characteristic might be of greater importance in determining child penalty levels across sectors. 

The findings for the public and products sector clusters seem to indicate that 

femininity/masculinity might be an important characteristic in determining relative child penalty 

levels.  

When focusing only on femininity/masculinity, I seem to find evidence for the hypothesis that 

women working in male-dominated sectors or sectors that have been perceived as masculine 

will suffer from a higher child penalty. Figure 5.3.1 below indicates that mothers suffer from a 
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relative child penalty of 26% 5 years after giving birth in feminine sectors, whereas they suffer 

from a 35% relative child penalty in masculine sectors. This difference is in line with the findings 

from Bergmann et al. (2019), who found that there is more gender inequality in male-dominated 

sectors. Although the difference is not enormous, it is still noteworthy. Still, the specific sectors 

that make up the feminine and masculine clusters vary considerably in multiple characteristics 

such as average earnings, education levels and work/life balance within each cluster. Thus, I 

cannot conclude that a sector that is more popular amongst men will always lead to a higher 

relative child penalty for women working in this sector.  

 

Figure 5.3.1 
Income Child Penalty for both Feminine and Masculine Sectors  

 
Note: Event coefficients are shown in dots and plotted per event time. The confidence intervals are the vertical lines 
through the event coefficients. Standard errors are clustered at the individual level. The green line represents 
fathers, and the purple line represents mothers. The medium-run relative child penalty is measured at t=5. This 
medium-run child penalty represents the rate at which women are falling behind men. 
 

When comparing the relative child penalty in sectors with lower average annual earnings 

compared to sectors with higher average annual earnings, the relative child penalties lie closer 

together. Figure 5.3.2 below shows that the relative child penalty is 26% for the sector cluster 

with average earnings below the sample mean, whereas the estimated relative child penalty is 

28% for the sector cluster with higher average earnings. This could be because the average 

earnings of a sector might not be as important in determining the child penalty level as opposed 

to other characteristics. Another reason for this small divergence in child penalty levels is 

probably due to the fact that the average earnings are quite similar across sectors in the 

sample, as seen in figure A.3.  
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Figure 5.3.2 
Income Child Penalty for both Low and High Earnings  

 
Note: Event coefficients are shown in dots and plotted per event time. The confidence intervals are the vertical lines 
through the event coefficients. Standard errors are clustered at the individual level. The green line represents 
fathers, and the purple line represents mothers. The medium-run relative child penalty is measured at t=5. This 
medium-run child penalty represents the rate at which women are falling behind men. 
 

Available literature varies on the effect of education level on the earnings of women. The 

highest gender wage gap was found in the high-services sector by Shahrabani (2007), which 

is based on a high-education level. This seems support the finding that the least-educated 

mothers do not suffer from a motherhood income penalty, whereas college or high-school 

educated mothers do (Anderson et al., 2002). However, when looking at the effect of childbirth 

on the earnings of women relative to men, De Quinto et al. (2021) found that the relative child 

penalty on earnings was lower for college-educated women compared to non-college educated 

women. In our sample, I found a stark difference in relative child penalty levels when clusters 

were formed based on education level. Figure 5.3.3 below shows that the low education cluster 

suffers from a much larger relative child penalty (42%) than the high education cluster (25%).  

This is likely due to a contrasting change in employment for women with differing education 

levels. Women who went to college were found to be more likely to stay employed and less 

likely to decrease the number of days worked than women who did not go to college, resulting 

in a smaller penalty on earnings (De Quinto et al., 2021). This finding could explain the results 

found in the sample, as work hours seems to be the most important determinant of the relative 

child penalty in our sample.  

Also, when comparing these results to the five clusters formed before, I find evidence for this 

hypothesis. Sector clusters with the lowest education level (products sector cluster, followed 

by the low-services sector cluster) are also seen to have higher relative child penalties than 

those with higher education levels (high-services sector cluster and especially the public sector 

cluster). Only the healthcare sector does not seem to follow this pattern, as it has a high 

education level, but also a high relative child penalty. 
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Figure 5.3.3 
Income Child Penalty for both Low and High Education   

 

 
Note: Event coefficients are shown in dots and plotted per event time. The confidence intervals are the vertical lines 
through the event coefficients. Standard errors are clustered at the individual level. The green line represents 
fathers, and the purple line represents mothers. The medium-run relative child penalty is measured at t=5. This 
medium-run child penalty represents the rate at which women are falling behind men. 
 

A sector characteristic not considered before when forming the five clusters that could be 

correlated with the child penalty is work/life balance. Bertrand et al. (2010) found that high-

income, high-status jobs punish a need for flexibility. This means that in some jobs, it is harder 

for mothers to take breaks from work or to change their existing working conditions. Mothers 

have been found to be more likely change to more family friendly jobs and thus, have higher 

probabilities of working in the public sector after having a child (Kleven et al., 2019b). Fontenay 

et al. (2021) looked at the correlation between having a poorer work/life balance and the 

estimated child penalty and established a positive correlation between working irregular hours, 

having an atypical work schedule and reporting a poor work/life balance and the level of the 

child penalty. A similar approach was used in this paper, as seen in figure A.5 in the appendix, 

where the five sector clusters and their respective relative child penalty levels are mapped out 

against working non-standard hours. The left side shows the share of respondents in the 

sample who report working in the weekend per cluster, while the right side shows the share of 

respondents in the sample who report working in the evening or at night. I could not establish 

a clear positive correlation, as the products and public sector clusters deviate strongly from the 

estimated responses. 

For the products sector cluster, I would expect to see a lower child penalty given the share of 

the sample given the fraction of respondents working non-standard hours. However, this might 

be due to the cluster design used in this paper, as the fraction of respondents working non-

standard hours varies quite some in this sector as seen in figure A.4 in the appendix. In the 

transport/storage or agriculture sectors, working non-standard hours is more common whereas 

it is not (as much) in utilities production or construction.  
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Therefore, I decided to estimate the relative child penalty on earnings for two separate clusters: 

one where working non-standard hours (weekend/evening/night) is uncommon and one where 

it is common. This results in the following medium-run relative child penalties: a 25% relative 

child penalty for the cluster working standard hours and a 36% relative child penalty for the 

cluster working non-standard hours. This seems to indicate that this characteristic might be of 

importance in determining the child penalty level per sector. If one looks at the results for the 

five sector clusters described earlier, a higher share of the cluster working non-standard hours 

does seem to lead to a higher relative child penalty. The healthcare sector has an especially 

high share of individuals working non-standard hours and this sector is also seen to have the 

highest relative child penalty. For the high-services sector cluster, the share of individuals 

working non-standard hours is quite low, and this sector cluster has been estimated to have 

the second lowest child penalty. The low-services sector cluster falls into the non-standard 

hours category and shows a higher relative child penalty than the low-services sector cluster, 

which falls into the standard hours category. For the other two sector clusters (public and 

products), the pattern seems to be less clear. Both clusters are made up of individual sectors 

that differ in the share of individuals working (non-)standard hours, which causes the individual 

sectors that make up these clusters to fall into different categories.  

Again, I cannot conclude that this characteristic causes a higher child penalty, but these 

findings seem to indicate that the share of individuals working non-standard hours might carry 

some weight in determining child penalty levels across sectors. 

 

Figure 5.3.4 
Income Child Penalty for Sectors Working Standard Hours or Non-Standard Hours   

 
Note: Event coefficients are shown in dots and plotted per event time. The confidence intervals are the vertical lines 
through the event coefficients. Standard errors are clustered at the individual level. The green line represents 
fathers, and the purple line represents mothers. The medium-run relative child penalty is measured at t=5. This 
medium-run child penalty represents the rate at which women are falling behind men. 
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5.4 Robustness 
The robustness of the estimation of the child penalty on earnings for the main sample is 

presented in figure 5.4 below. Larger sample sizes with different birth time and event time 

windows (RC1, RC2 and RC6) show a similar relative child penalty level of 29% or 31%. RC3, 

RC4 and RC5 use different event time windows ranging from t =3 to t = 7, but all use a similar 

restriction so that the birth time window is restricted to the years before/after which parents will 

always be observed, leading to a smaller sample size compared to the reference sample. RC3 

estimates a longer run penalty at t = 7 of 26%, but this design can be rendered questionable 

as it finds a negative child penalty for fathers, which might be due to this check having the 

most restrictive sample. RC4 estimates a shorter run penalty at t = 3 of 24%, which seems 

logical considering the fact that the relative child penalty still evolves over time. Finally, RC5 

uses the same event time window (t = 5) but has a notably smaller sample due to the restriction. 

It estimates a relative child penalty of 25%. The robustness checks indicate that differing event 

time and birth time windows slightly change the relative child penalty level, ranging from 24% 

to 31%. Still, the relative child penalty on earnings for mothers is noteworthy, while it is 

practically non-existent for fathers. 

 
Figure 5.4 
Robustness Checks for Child Penalty on Earnings  

 
Note: The figure compares the results from this thesis to the results from different robustness checks by using 
different birth time and event time windows. The purple coefficients show the relative child penalty (mothers 
relative to fathers) on earnings. The green coefficients show the child penalty on earnings for fathers.  
RC0: Reference category: the results from this thesis.  
RC1: Longer run (relative) child penalty at t = 7, including all possible birth years (2008-2022). 
RC2: Longer run (relative) child penalty at t = 7, including the same birth years used in the thesis (2009-2021). 
RC3: Longer run (relative) child penalty at t = 7, birth years restricted to always being observed (2010-2015). 
RC4: Shorter run (relative) child penalty at t = 3, birth years restricted to always being observed (2010-2019). 
RC5: Medium-run (relative) child penalty at t = 5, birth years restricted to always being observed (2010-2017). 
RC6: Medium-run (relative) child penalty at t = 5, including all possible birth years (2008-2022). 
Sample sizes are larger than the original sample for RC1, RC2 and RC6. Sample sizes are smaller than the 
original sample for RC3, RC4 and RC5.  
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6. Conclusion and discussion 
Having children almost entirely explains the remaining levels of gender inequality. After having 

a child, the labor market outcomes of fathers are barely impacted while those of mothers 

worsen significantly. The difference between men and women in their labor market outcomes 

years after having their first child is called the long-run relative child penalty. Using the event 

study methodology from Kleven (2019b) and applying it to panel data on Dutch households, I 

estimated a medium-run relative child penalty 5 years after the birth of the first child of 30% for 

the entire sample. This is lower than the child penalty found at t = 5 in the Netherlands by other 

authors of around 38 or 43% (Rabaté & Rellstab, 2021; Artmann et al., 2022). Still, it proves 

that a relative child penalty on earnings does exist for our Dutch sample.  

 

After conducting a decomposition of the child penalty in the Netherlands, I found a 19% 

medium-run relative child penalty on work hours. For wage rates, an insignificant (6%) relative 

child penalty was found. Lastly, for labor force participation, I found a 5% medium-run relative 

child penalty. The figure for both the child penalty on work hours as well as labor force 

participation shows a negative trend for men, whereas the trend for men is flat for both the 

child penalty on earnings and wage rates. The decrease in wage rates is surprisingly small for 

women, but other authors have found a flatter trend for wage rates as well (Fontenay et al., 

2021; Artmann et al., 2022). The insignificance of the relative child penalty on wage rates and 

the smaller magnitude of the relative child penalty on labor force participation seem to point to 

the fact that work hours are of the largest importance in determining the relative child penalty 

on earnings (Rabaté & Rellstab, 2021). However, significantly less information was available 

on work hours compared to the available data on earnings. Therefore, this analysis should be 

approached carefully.  

 

After that, I clustered individual sectors together based on multiple characteristics at once such 

as femininity/masculinity, average education level, average earnings and followed a similar 

sector classification such as the one Shahrabani (2007) uses in her paper. This created the 

following five sectors: the healthcare sector, the public sector cluster, the low-services sector 

cluster, the high-services sector cluster and the products sector cluster. Results did show 

different medium-run relative child penalties across sector clusters: a child penalty as low as 

10% in the public sector cluster, while it had a level of 40% in the healthcare sector. The high-

services sector cluster had the second lowest relative child penalty (20%), followed by the low-

services sector cluster (29%) and the products sector cluster (39%). This divergence in child 

penalty levels did not seem to follow a comprehensible pattern: I could not establish a clear 

correlation between either education levels or average earnings and the respective relative 

child penalty level. Clusters with lower education levels seem to suffer from larger child penalty 
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levels, but the healthcare sector does not follow this pattern. For average annual earnings, the 

pattern seems to be non-existent, as clusters with similar average earnings are the most far 

apart in child penalty levels. This might be caused by the small sample size or the fact that 

there are more sector differences at play that I did not consider in my analysis. Concluding, I 

did find different child penalty levels across sectors, but could not establish a clear reason 

explaining this difference. 

 

Next, I focused on one characteristic at a time. When sectors are clustered together based on 

femininity/masculinity, I seem to gather evidence for the thought that women working in sectors 

that are perceived as being more masculine or attract more male workers suffer from a higher 

relative child penalty (35%) compared to women who work in feminine sectors (26%). This 

difference was smaller for the relative child penalties for clusters based average earnings. The 

sector cluster with earnings higher than the sample mean showed a relative child penalty level 

of 26%, while this was 28% for the cluster where earnings were lower than the sample mean. 

This might indicate that the average annual earnings of a sector might be a less important 

characteristic in determining the overall relative child penalty level. The largest divergence 

between relative child penalty levels based on one characteristic was found for education level: 

the cluster consisting of sectors with a lower average education level showed a relative child 

penalty as high as 42%, while this was only 25% for the cluster consisting of sectors with a 

higher average education level. This is not in line with literature stating that mothers with a 

higher education level suffer from a higher income penalty or more gender inequality 

(Anderson et al, 2002; Shahrabani, 2007). However, in literature where the income penalty of 

mothers is compared to the income penalty of fathers, college-educated mothers are found to 

suffer from a lower child penalty than non-college educated mothers do (De Quinto et al., 

2021). This is in line with the results found in this thesis. The results for the child penalty across 

education levels can likely be explained by the finding that women who are college-educated 

react less strongly to childbirth by decreasing working hours/days than those who are not 

college-educated (De Quinto et al., 2021). Considering that work hours are the main 

determinant of the child penalty in the Netherlands, it would make sense to see such a stark 

difference between education levels. 

 

A characteristic that was not previously considered when forming the five sector clusters was 

whether individuals in the sector work non-standard hours, which impacts the work/life balance 

of workers. An attempt at mapping out whether the child penalty level is correlated with working 

non-standard hours was unsuccessful. Two out of five sectors deviated strongly from the 

predicted values, which could be due to the cluster design used, as the sectors making up 

those two sector clusters vary in their shares of respondents working non-standard hours. 
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Therefore, the same method was used as described before where sectors are clustered 

together based on the share of workers working non-standard hours compared to the overall 

average share and then computing the relative child penalty for both clusters. A relative child 

penalty of 25% was found for the cluster of sectors working standard hours, whereas the 

penalty was 36% for sectors working non-standard hours. These results are in line with those 

of Fontenay et al. (2021) who found a positive correlation between child penalty levels and 

working on the weekends or at night. I cannot conclude that one of the characteristics 

mentioned above will always cause a higher/lower child penalty level, but I do seem to find 

evidence that some characteristics might carry different weights when determining the relative 

child penalty level per sector.  

 

A limitation of this paper was the small sample size and limited number of observations, it 

would be interesting to repeat this analysis for a larger number of observations to obtain a 

more accurate estimate and possibly conduct the analysis per individual sector instead of using 

the cluster design. The cluster design was a limitation in the sense that the sectors within a 

cluster might still differ in several other characteristics, making it harder to dive into the reason 

why the sectors differ in terms of child penalties. Additionally, a dataset containing more 

information on work hours or a variable concerning wage rates would make the decomposition 

of the relative child penalty for the entire sample more accurate. This would allow us to fully 

confirm whether work hours are indeed the most important determinant for the child penalty in 

the Netherlands. Next to that, the decomposition could not be performed per sector cluster or 

even per characteristic as the number of observations was too small to yield insightful results. 

It would be interesting to see whether the relative child penalty is driven more by different 

determinants per sector, or if work hours drive the relative child penalty the most in all sectors. 

 

Additionally, it would be insightful to analyze the difference across sectors for different 

countries. This is because the same sectors might vary between countries due to differences 

in collective bargaining or union power and different childcare policies per country. Another 

suggestion for further research would be to include indicators surrounding flexibility such as 

whether parents are allowed to change work hours and if so, how easily they can do so. In this 

way, one could research whether the child penalty decreases in the availability of flexible 

hours, as flexible hours have been found to be an important factor in decreasing the wage gap 

between mothers and childless women (Fuller & Hirsch, 2019). Finally, it would be interesting 

to see how the relative child penalty has evolved over time in the Netherlands, especially after 

the COVID-19 crisis; working from home became more common which might have impacted 

the child penalty as working from home has been found to impact the work/life balance 

(Shirmohammadi et al., 2022). 
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8. Appendix 
Figure A.1 
Box Plot of Average Annual Income in Sample 

 
Note: The box plot was made in order to show the presence of possible income outliers in the sample. The highest 
value of 600 000 euros is more dan double the value of the second highest observation of income of 273 000 euros, 
both belonging to the same individual (in different years).  
 

Table A.1 
The Descriptive Statistics of the Chosen Sample Before Having Their First Child (at t = -1) 

   Women Men Total 
Number of respondents 
 
Income in €1 000  
 
 
Weekly work hours 
 
 
Age when having a child 
 
 
Number of children at 
 t = 5 

570 
 

27.88 
(13.02) 

 
33.69 

(13.01) 
 

30.32 
(4.26) 

 
1.60 

(0.63) 

475 
 

35.22 
(13.91) 

 
39.23 

(12.10) 
 

32.79 
(5.20) 

 
1.61 

(0.59) 
 

1,045 
 

31.04 
(13.88) 

 
33.25 

(13.63) 
 

31.45 
(4.87) 

 
1.60 

(0.61) 
 

Education level 
 Poorly educated 
 Relatively educated 
 Highly educated 
 
Sector 
 Agriculture 
 Industrial production 
 Utilities production 
 Construction 
 Retail trade 
 Catering 
 Transport/storage 
 Financial 
 Business services 
 Government services 

 
0.04 
0.34 
0.62 

 
 

0.01 
0.03 
0.01 
0.01 
0.07 
0.05 
0.02 
0.06 
0.08 
0.06 

 
0.10 
0.37 
0.53 

 
 

0.02 
0.11 
0.02 
0.09 
0.10 
0.04 
0.09 
0.06 
0.10 
0.06 

 
0.07 
0.35 
0.58 

 
 

0.01 
0.07 
0.02 
0.04 
0.09 
0.05 
0.05 
0.06 
0.09 
0.06 
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 Education 
 Healthcare/welfare 
 Environmental services 
 Other 
 

0.14 
0.33 
0.03 
0.10 

 

0.07 
0.08 
0.02 
0.13 

 

0.11 
0.22 
0.03 
0.12 

Note: The mean values of several variables are given above. Standard errors are reported in parentheses, the 
standard errors of the different categories of the categorical variables are not reported to make the table more 
organized. I look at the average values of these characteristics of parents at t=-1, right before they have their first 
child, with the number of children at t=5 being an exception.     
 

Table A.2 
Average Education Level of Respondents per Sector in the Sample 

Sector Poorly Educated Relatively Educated Highly Educated 
Agriculture 0.00 0.46 0.54 

Industrial production 0.07 0.36 0.57 
Utilities production 0.06 0.38 0.56 

Construction 0.17 0.40 0.43 

Retail trade 0.08 0.40 0.52 

Catering 0.12 0.45 0.43 

Transport/storage 0.20 0.45 0.35 

Financial 0.02 0.46 0.52 

Business services 0.01 0.22 0.77 
Government services 0.05 0.34 0.62 

Education 0.02 0.10 0.88 

Healthcare/welfare 0.05 0.33 0.62 

Environmental services 0.10 0.31 0.59 
Note: This table shows the average mean values of respondents per education level per sector. This table was 
made to group sectors together based on different characteristics such as education level. Mean values are rounded 
to two decimals.  
 
Figure A.3 
Average Annual Earnings per Sector 

 
Note: Average annual earnings per sector ranked from highest to lowest earnings. Earnings is defined per 1000 
Euros. 
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Table A.2 
Balance Table between Men and Women in the Chosen Sample (at t = -1) 
 

Note: Balance table between men and women. Significance is shown in stars: ***p<0.01; **p<0.05; *p<0.1. The 
IQR is opted for over the mean, as the continuous variables did not show a normal distribution.  
 
Figure A.4 
Fraction of Respondents per Sector Working in the Weekend and Outside Regular Office 

Hours  

 

Note: The share of respondents who reported working outside regular office hours (after 6pm and before 7am) is 
calculated by dividing the number of respondents who answered “Yes, I work in shifts.” or “Yes, I (almost) always 
work in the evening or at night.” or “Yes, I often work outside regular office hours.” by the total number of 
respondents working in the sector who answered the question. The share of respondents who reported working in 
the weekend is calculated by dividing the number of respondents who answered “I work during the weekend once 
every few weeks.” or “I work during the weekend almost every week.” by the total number of respondents working 
in the sector who answered the question. The y-axis for both bar graphs ranges from 0 to 0.5.  

Factor Level Male Female P-value Test 
Number of 
respondents  475 570   
Income in €1 000, 
median (IQR)  33.6 (26.922, 41.382) 28.036 (20.91, 35.124) <0.001*** 

Wilcoxon rank-
sum 

 
Weekly work hours, 
median (IQR)  40 (38, 45) 36 (32, 40) <0.001*** 

Wilcoxon rank-
sum 

 
Age when having a 
child, median (IQR)  32 (29, 36) 30 (27, 33) <0.001*** 

Wilcoxon rank-
sum 

 
Education level Poorly educated 47 (9.9%) 24 (4.2%) <0.001*** Fisher's exact 
 Relatively educated 174 (36.7%) 192 (33.8%)   
 Highly educated 253 (53.4%) 352 (62.0%)   
 
Sectors clustered 
together Public Sector Cluster 99 (24.0%) 302 (59.1%) <0.001*** Fisher's exact 

 
High-Services Sector 
Cluster 77 (18.7%) 77 (15.1%)   

 
Low-Services Sector 
Cluster 124 (30.1%) 100 (19.6%)   

 
Products Sector 
Cluster 112 (27.2%) 32 (6.3%)   

 
Masculine/feminine 
sectors  Masculine 233 (56.6%) 120 (23.5%) <0.001*** Fisher's exact 
 Feminine 179 (43.4%) 391 (76.5%)   
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Table A.3 

Regression Coefficients for Main Results and Decomposition 
 

Note: The table shows the regression coefficients of the regression from equation (1), presented in the 
methodology section. The dependent variable differs per column: earnings, work hours, wage rates and labor 
force participation. FE stands for fixed effects since all models control for age and year fixed effects. Standard 
errors are clustered at the individual level and shown in parentheses. Significance is shown in stars: *p<0.05; 
**p<0.01; ***p<0.001. 
 
Table A.4 
Regression Coefficients of Women Only for Different Clusters 

Event Time Earnings Work Hours Wage Rates Labor Force Participation 
 Men Women Men Women Men Women Men Women 
t = -2 26.87 

(649.54) 
455.08 

(451.09) 
 

-1.73 
(1.24) 

-0.01 
(0.91) 

-0.07 
(0.56) 

0.10 
(0.49) 

-0.05* 
(0.02) 

0.01 
(0.02) 

t = 0 1249 
(590.83) 

-1609.95*** 
(451.95) 

 

0.38 
(1.02) 

-1.36 
(0.93) 

0.10 
(0.54) 

0.24 
(0.56) 

-0.00 
(0.02) 

-0.00 
(0.02) 

t = 1 1616 
(920.89) 

-5316.37*** 
(638.47) 

 

-1.95 
(1.20) 

-5.48*** 
(0.97) 

0.49 
(0.65) 

0.27 
(0.59) 

-0.03 
(0.02) 

-0.04* 
(0.02) 

t = 2 1069 
(1136.14) 

-7342.07*** 
(790.63) 

 

-2.37 
(1.32) 

-8.28*** 
(1.10) 

0.40 
(0.78) 

0.18 
(0.69) 

-0.05* 
(0.02) 

-0.06** 
(0.02) 

t = 3 510.83 
(1464.05) 

-8953.23*** 
(988.97) 

 

-2.43 
(1.30) 

-9.80*** 
(1.20) 

0.47 
(0.88) 

0.06 
(0.75) 

-0.04 
(0.02) 

-0.07** 
(0.02) 

t = 4 55.00 
(1624.15) 

-10443.88*** 
(1169.21) 

 

-3.52* 
(1.53) 

-8.94*** 
(1.30) 

0.47 
(0.98) 

-0.24 
(0.87) 

-0.05* 
(0.02) 

-0.09*** 
(0.03) 

t = 5 202.00 
(1890.40) 

-11217.62*** 
(1399.18) 

-2.53 
(1.53) 

-10.63*** 
(1.42) 

0.67 
(1.04) 

-0.80 
(0.89) 

-0.04 
(0.02) 

-0.08** 
(0.03) 

Age FE 

Year FE 

Yes 

Yes 

Yes 

Yes 

Yes 

Yes 

Yes 

Yes 

Yes 

Yes 

Yes 

Yes 

Yes 

Yes 

Yes 

Yes 
Observations 2 376 2 878 1 713 1 961 1 575 1 819 1 713 1 961 

Event Time Healthcare Public High-Services Low-Services Products 
t = -2 567.77 

(773.70) 
 

-294.68 
(1161.28) 

1954.23 
(1400.04) 

730.66 
(945.18) 

-599.60 
(2718.22) 

t = 0 -1679.72* 
(795.31) 

 

-1541.51 
(886.91) 

223.18 
(1535.48) 

-692.35 
(1354.23) 

-441.92 
(2443.92) 

t = 1 -5194.99*** 
(1124.33) 

 

-3629.58** 
(1211.01) 

-4024.99* 
(1959.96) 

-4135.65* 
(1706.35) 

-3933.89 
(3422.40) 

t = 2 -8284.45** 
(1378.42) 

 

-3740.87* 
(1878.39) 

-6051.11* 
(2467.64) 

-7100.56*** 
(1754.65) 

 

-6713.44 
(4310.99) 

t = 3 -10382.98*** 
(1627.83) 

 

-5557.64* 
(2249.04) 

-6369.20 
(3792.65) 

-7729.64** 
(2280.12) 

-8019.48 
(5235.20) 

t = 4 -11075.61*** 
(1897.53) 

 

-7442.99** 
(2325.19) 

-9828.21* 
(4244.93) 

-9252.59*** 
(2509.84) 

-11055.82* 
(5816.69) 

t = 5 -11009.64*** 
(2258.21) 

-8038.51** 
(2589.65) 

-11904.04* 
(5108.93) 

-12202.46*** 
(3002.51) 

-9587.83* 
(5783.40) 
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Note: The table shows the regression coefficients for women only, the dependent variable is earnings for all 
columns. FE stands for fixed effects since all models control for age and year fixed effects. Standard errors are 
clustered at the individual level and shown in parentheses. Significance is shown in stars: *p<0.05; **p<0.01; 
***p<0.001. 
 
Table A.5 
Regression Coefficients of Women Only for Different Characteristics 
 

Note: The table shows the regression coefficients for women only, the dependent variable is earnings for all 
columns. FE stands for fixed effects since all models control for age and year fixed effects. Standard errors are 
clustered at the individual level and shown in parentheses. Significance is shown in stars: *p<0.05; **p<0.01; 
***p<0.001. 
 
 
 
 
 
 
 
 
 
 

Age FE 

Year FE 

Yes 

Yes 

Yes 

Yes 

Yes 

Yes 

Yes 

Yes 

Yes 

Yes 
Observations 956 569 413 468 204 

Event Time Dominant Gender Average Earnings Education Level Working (Non-)Standard Hours 
 Masculine Feminine Low High Low High Standard Non-Standard 
t = -2 626.23 

(962.12) 
317.43 

(522.81) 
 

344.87 
(535.88) 

439.42 
(820.93) 

468.62 
(826.63) 

515.16 
(550.43) 

763.47 
(841.38) 

328.94 
(588.24) 

t = 0 -755.53 
(1157.52) 

-1947.70*** 
(537.44) 

 

-1991.89*** 
(561.63) 

-460.28 
(1028.74) 

-1826.50 
(1126.50) 

-1291.03* 
(511.59) 

-1406.12 
(860.73) 

-1667.37*** 
(605.46) 

t = 1 -4549.97** 
(1682.36) 

-5229.29*** 
(709.39) 

 

-5459.23*** 
(728.95) 

-3612.84* 
(1484.06) 

-5753.86*** 
(1491.98) 

-4693.62*** 
(722.91) 

-5338.00*** 
(1102.81) 

-4954.85*** 
(869.46) 

t = 2 -6890.71*** 
(1968.49) 

-7076.33*** 
(896.48) 

 

-7585.54*** 
(905.82) 

-4827.59** 
(1738.03) 

-8406.98*** 
(1794.49) 

-6748.84*** 
(923.09) 

-7299.99*** 
(1272.15) 

-7113.63*** 
(1077.08) 

t = 3 -8149.33** 
(2785.67) 

-8860.61*** 
(1085.99) 

 

-9494.88*** 
(1107.33) 

-5903.26* 
(2311.83) 

-9810.73*** 
(2250.53) 

-8429.80*** 
(1159.47) 

-9415.53*** 
(1643.42) 

-8257.41*** 
(1287.51) 

t = 4 -10745.28*** 
(3268.83) 

-10117.36*** 
(1236.52) 

 

-10739.00*** 
(1271.66) 

-8608.83** 
(2704.35) 

-10900.93*** 
(2585.90) 

-10194.92*** 
(1372.87) 

-11512.14*** 
(1995.04) 

-9477.80*** 
(1483.74) 

t = 5 -12459.12** 
(3957.70) 

-10498.57*** 
(1444.24) 

-10938.40*** 
(1484.32) 

-10509.97** 
(3316.98) 

-12162.61*** 
(2972.30) 

-11082.38*** 
(1655.14) 

-11932.44*** 
(2382.83) 

-10309.64*** 
(1752.52) 

Age FE 

Year FE 

Yes 

Yes 

Yes 

Yes 

Yes 

Yes 

Yes 

Yes 

Yes 

Yes 

Yes 

Yes 

Yes 

Yes 

Yes 

Yes 
Observations 617 1 993 1 858 752 611 1 999 1 167 1 443 
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Figure A.5 
Scatterplot of Non-Standard Working Hours and Medium-Run Relative Child Penalty Levels 

 
Note: The relative child penalties per sector cluster are plotted against the share of respondents in the sample who 
reported working either in the weekend or outside regular office hours (after 6pm and before 7am). The share of 
respondents who reported working outside regular office hours (after 6pm and before 7am) is calculated by dividing 
the number of respondents who answered “Yes, I work in shifts.” or “Yes, I (almost) always work in the evening or 
at night.” or “Yes, I often work outside regular office hours.” by the total number of respondents working in the sector 
who answered the question. The share of respondents who reported working in the weekend is calculated by 
dividing the number of respondents who answered “I work during the weekend once every few weeks.” or “I work 
during the weekend almost every week.” by the total number of respondents working in the sector who answered 
the question. The fitted values are the estimated responses, shown as a black line.  
 
 


