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Abstract 

This paper explores sources of heterogeneity in the estimated child penalty in the 

medium run in Denmark using both conventional and data-driven approaches. 

First, we analyse heterogeneity in the child penalty in the conventional way by 

estimating a model within specific subgroups (hypothesized subgroups), which 

enables us to zoom in on specific characteristics, identified beforehand as being 

relevant. Second, we apply a data-driven machine learning approach (causal 

forest), which explores treatment heterogeneity by combining and jointly analyzing 

multiple features in the covariate space. The results of our analyses confirm the 

existence of child penalties five years after childbirth in Denmark. The conventional 

analysis finds an overall medium-run penalty equal to 19.8%, while the causal 

forest analysis finds a significantly lower medium-run child penalty, between 6% 

and 8%. However, both conventional and machine-driven methods point to the pre-

childbirth share of couples’ wage income earned by the mother as the most 

important source of heterogeneity in the child penalty. In addition, the causal 

forest analysis also identifies industry type and firm financial variables as being 

influential for generating heterogeneity in the medium-run child penalty. 
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1 Introduction  
The slowdown in the convergence of the gender wage gap over time is an issue that concerns 

both researchers and policymakers alike (Goldin, 2014; Blau and Kahn, 2017, OECD, 2022). 

At the same time, it is becoming increasingly clear that the disproportionate burden of 

childbirth and child rearing likely accounts for a large part of the remaining inequality in 

earnings between women and men, i.e., the so-called ’child penalties’ faced mainly by women 

(Kleven et al., 2019b). Such penalties have been found to be present in almost every country, 

although precise magnitudes may vary (Kleven et al., 2019a; Sieppi and Pehkonen, 2019; de 

Quinto et al., 2021; Artmann et al., 2022; Fontenay et al., 2023). Apart from measuring the 

overall child penalty, it is important to know which sources contribute most to heterogeneity 

in these penalties for enhancing our understanding of their underlying structural causes and 

the policy tools needed to address them. 

 

In this study we investigate sources of heterogeneity in the child penalty in Denmark, including 

both labour market characteristics and pre-market factors. Our interest is in determining 

whether differences in industries, firm-specific factors or individual background 

characteristics drive the child penalty. We employ detailed Danish administrative data and 

follow two distinct strategies for estimating child penalties by source. First, we follow previous 

literature and estimate child penalties within various hypothesized subgroups (Kleven et al.  

2019b, de Quinto et al., 2021; Andresen and Nix, 2022; Artmann et al., 2022; Casarico and 

Lattanzio, 2023; Fontenay et al., 2023). Second, we follow a data-driven approach based on 

causal machine learning, and apply the causal forest estimator to identify relevant sources of 

heterogeneity in the child penalty (Athey and Imbens, 2016, Athey and Wager, 2019, 2021, 

Tibshirani et al., 2022). The machine learning approach frees us from having to focus only on 

a few predetermined subgroups considered one at a time. Instead, it allows for full interactions 

between all the relevant characteristics, thus allowing for novel hypothesis generation which 

researchers may not have considered at the outset (Ludwig and Mullainathan, 2023).  

 

We first replicate the results in the study by Kleven et al. (2019b) on a more recent Danish 

sample, using the event study framework. In this framework, the child penalty is measured 

as the percentage by which women’s outcome falls behind men’s due to children born at a 

certain event time. The replication exercise yields a long-run child penalty in earnings of 

21.3% compared to 19.4% in the original study. As in Kleven et al. (2019b), apart from the 

overall child penalty in earnings, we find sizable penalties along the dimensions of hours 

worked, labour market participation and the wage rate.  
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We then identify various sources of heterogeneity in the aggregate child penalty in earnings 

through our two approaches. First, the hypothesized subgroups approach allows us to focus 

singly on each characteristic that is important for creating variation in the child penalty, and 

second, the causal forest approach, which conducts a machine-led analysis of the child 

penalty through the lens of a large set of characteristics and interactions between them. The 

goal is to gain a better understanding of the underlying structure of the child penalty by 

comparing and contrasting results from both approaches.  

 

The hypothesized subgroup analysis reveals that the child penalty in Denmark varies across 

labour market and individual characteristics, e.g., industry, employment level, female 

representation, but only significantly so when it comes to the share of wage income earned 

relative to partner. The application of the causal forest approach offers a comprehensive 

analysis of the sources of heterogeneity through the lens of multiple features (potential 

outcome predictors) and their interactions. The basic intuition behind this approach is that 

if the treatment effect is believed to be moderated by the covariates, it is possible to uncover 

this heterogeneity by splitting the sample into subsamples (leaves) according to the values of 

each covariate such that the difference in the treatment effect is maximized across these 

subgroups. The splitting procedure is repeated until there is no more treatment effect 

heterogeneity left. More details are provided in the methodological section (section 3), but a 

very appealing feature of causal trees is “honesty”, meaning that the sample used to make 

the splits (training sample) is different from the sample used to predict the treatment effect 

(Athey & Imbens, 2016).  

 

On the basis of such an analysis, we find that the share of household wage income earned 

pre-childbirth is very influential for heterogeneity in the child penalty, but also the worker’s 

industry and some financial measures of the worker’s firm. Thus, both conventional and 

machine-learning analysis point to the household division of labour following childbirth as a 

key determinant. Both methods find that a lower share of pre-childbirth household wage 

income earned by the mother is associated with a higher child penalty for mothers. However, 

the machine learning method uncovers additional factors associated with heterogeneity in 

the child penalty such as type of industry and firm financial aspects. The analysis finds that 

a higher penalty is associated with firms with high revenue, and lower penalties are 

associated with being employed in Manufacturing/Utilities/Construction or 

Primary/Building/Construction industries. Thus, it points to other sources of heterogeneity 

in the child penalty in Denmark which the conventional analysis fails to capture. 
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The rest of the paper proceeds as follows: Section 2 reviews recent literature relating to gender 

inequality in earnings focusing on the role played by childbirth. Section 3 presents the 

machine learning method (causal forest) applied in this paper and contrasts it to the basic 

event study approach from Kleven et al. (2019b). Section 4 describes the comprehensive 

Danish administrative data we access to build the sample and estimations. Section 5 

presents the heterogeneity analyses employing hypothesized subgroups. Section 6 presents 

heterogeneity analysis but based on data-driven methods to uncover sources of heterogeneity 

in the child penalties. Section 7 discusses potential limitations, offers suggestions for policy 

and concludes. 

 

 

2 Literature review 
Gender differences in earnings have been declining in most advanced nations of the world. 

This convergence is generally attributed to women becoming more similar to men over time 

with respect to education, labour market participation and due to women working more hours 

(Blau and Kahn, 2017). Gallen et al., 2019 find that the gender earnings gap in Denmark has 

been halved between 1980 and 2010, mainly due to women increasing their hours worked. 

However, in Denmark and in other developed countries there has been a slowdown in the rate 

of convergence of the gender wage gap since the mid-1990s/2000s (Datta Gupta, Oaxaca and 

Smith, 2006, Goldin, 2006, Blau and Kahn, 2017). As women continue to obtain more 

education and increase their labour market experience, these factors are now declining in 

importance for the gender pay gap. Instead, occupation and industry explain a larger share of 

the gender wage gap, i.e. they now constitute more than 50%, as found by Blau and Kahn 

(2017). Furthermore, large differences still exist at the top of the distribution and within top 

positions (Blau and Kahn (2017), Smith, Smith & Verner, 2011).  
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In the well-known paper by Kleven et al. (2019b) analyzing gender differences in earnings in 

Denmark, the authors show that a large fraction of the remaining gender inequality in the 

labour market can be attributed to children. Using Danish administrative data, Kleven et al. 

(2019b) estimate the child penalty using an event study approach with the birth of the first 

child as the defining event and show that the long-run child penalty in earnings (i.e. the % 

by which women’s earnings fall behind men’s earnings after entering parenthood) in 

Denmark is 19.4% over the period 1980-2013. Furthermore, decomposing gender inequality 

in earnings according to whether its source is child-related, related to educational levels or 

due to some residual source, Kleven et al. (2019b) show that while the latter two decline in 

importance over time, child-related inequality grows over time from 40% in 1980 to 80% in 

2013. A similar result is obtained by Cortes and Pan (2020) for the U.S. As in the paper by 

Kleven et al. (2019b), we will also focus on the ‘child penalty’ in this study, by which we mean 

the effect on earnings of the first child and all subsequent children born in the considered 

period as opposed to the broader concept of the ‘motherhood penalty’, which captures all 

labour market consequences of motherhood, not just earnings related.  

 

Event studies have discovered sizable, long-run child penalties (i.e. at least 10 years after 

childbirth) for many developed countries, which nonetheless differ in terms of their labour 

market institutions and the provision of parental leave schemes and family-friendly policies 

(see Table 1). Kleven et al. (2019a) show quite a bit of heterogeneity across Western countries 

with the German-speaking countries having the largest child penalties, i.e., 51-61%, and the 

Scandinavian countries having the smallest, 21-26%. Additionally, Fontenay et al. (2023) 

find a penalty of around 32% for Belgium while Artmann et al. (2022) find that the 

Netherlands has a very high penalty of around 64%, comparable to the German-speaking 

countries. A study by Sieppi and Pehkonen (2019) estimates a child penalty of 25% for 

Finland, while de Quinto et al. (2021) estimate a child penalty of 25% in Spain. All these 

papers use a similar event study approach as in Kleven et al. (2019a).  
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Table 1: Cross-country comparisons of child penalties from event studies 

Country Child Penalty Event time Cohorts Study 

Austria 51% t = 5, ..., 10 1985-2007 Kleven et al. (2019a) 

Belgium 32% t = 6, ..., 8 2002-2013 Fontenay et al. (2023) 

Denmark 21% t = 5, ..., 10 1985-2003 Kleven et al. (2019a) 

Finland 25% t = 5, ..., 10 1992-2007 Sieppi and Pehkonen 

(2019) 

Germany 61% t = 5, ..., 10 1989-2005 Kleven et al. (2019a) 

Spain 25% t = 5, ..., 10 1994-2009 de Quinto et al. (2021) 

Sweden 26% t = 5, ..., 10 1995-2011 Kleven et al. (2019a) 

The Netherlands 64% t = 10 2004-2013 Artmann et al. (2022) 

United Kingdom 44% t = 5, ..., 10 1991-2008 Kleven et al. (2019a) 

United States 31% t = 5, ..., 10 1967-2006 Kleven et al. (2019a) 

Notes: Cohorts denote the time periods in which parents have their first child. 

 

 

These and other studies have now begun to look further into sources of heterogeneity in child 

penalties. A first potential source of heterogeneity is mother’s education or skill level. Early 

work by Anderson et al. (2002) on NLSY data, estimating simple OLS and fixed effects models 

of the effect of children on women’s wages, found that controlling for unobserved 

heterogeneity, being married, (potential) time out of the labour market, education and actual 

experience (or alternatively, age), child penalties were higher for college educated women 

compared to women with no college diploma. They concluded that the costs of temporarily 

exiting the labour market were much higher for highly skilled mothers because of the higher 

return they obtain on their human capital investments. The same is argued by England et 

al. (2016) who also find that high penalties are strongly related to high returns on experience, 

making even short periods of lost experience very costly for these women. A theoretical 

explanation could be the importance of firm-specific human capital and/or high depreciation 

rates of human capital in such jobs. 

   

More recent studies estimating event study models in different contexts find that the labour 

supply response following the birth of a child can be quite different depending on mothers’ 

education level. For instance, de Quinto et al. (2021) show evidence from Spain that non-

college educated women react more on the extensive margin by reducing working days, while 

college-educated women react more on the intensive margin by reducing working hours.  

 



7  

However, education can embody more than just the level of individual skills. Due to 

assortative mating, high-educated women are normally married to high-educated, high-wage 

men, meaning that family income may not necessarily suffer seriously if intrafamily 

specialization increases after childbirth. Still, potential future earnings loss is likely to be 

larger for high-educated women, even after taking into account that they may enjoy a faster 

rate of wage growth after childbirth (England et al., 2016). Therefore, a question is whether 

high-educated women perfectly anticipate these future losses of child-related leaves? 

 

Kuziemko et al. (2018) bring empirical evience from the US and UK showing that mothers 

from the US and UK tend to underestimate the employment costs of motherhood, which 

include costs of child-minding measured in terms of both time, effort, and money. This 

underestimation of the costs of motherhood is in fact larger for highly educated women. Not 

only do highly educated women in particular underestimate the resources that need to be 

allocated towards child rearing following the birth of the first child. They also tend to 

experience a shift in their beliefs after childbirth and become less supportive of women being 

in the labour market.  

 

Type of education may also matter. Bütikofer et al. (2018) estimate, using an event study 

approach, a higher child penalty 10 years after first childbirth among top earners with MBA 

and law degrees (30%) compared to those with STEM and medicine degrees (10%). They 

interpret this finding as resulting from differences in the wage structure. Therefore, as a 

source of heterogeneity, we explore differences arising from the wage structure or demand 

side as proxied by sectors, industries, occupations, firms, and workplace characteristics.  

 

Starting with sector, in many European countries the public sector is both a large employer 

of women and also the more family-friendly sector (Nielsen et al., 2004). Using Danish 

administrative data Pertold-Gebicka et al. (2019) show that mothers are much more likely to 

be employed in the public sector after the birth of their first child compared to non-mothers. 

As in Goldin (2014), they find that mothers who switch to the public sector do so from 

previous positions in the private sector characterized with convex pay schemes. Fontenay et 

al. (2023) use data from Belgium and estimate child penalties across industries in the public 

sector equaling 33% for health and social work, 15% for public administration and defense, 

and 15% for education. They find a positive correlation between the long-run child penalty 

in earnings for a given industry and survey-reported measures such as poor work-life 

balance, atypical work schedules with irregular hours, and evening, night, and weekend 

hours.  
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Goldin (2014) suggests that occupations and how they reward hours may be the key source 

of heterogeneity in child penalties. This is due to compensating differentials, which penalizes 

low hours and rewards high hours. For women to participate on equal terms with men, 

occupations need to offer temporal flexibility i.e., workers do not have to be around during 

fixed intervals but have flexibility to adjust their schedules. Goldin and Katz (2016) give the 

example of pharmacy, which is an occupation that has become more flexible and family-

friendly over time due to its increased use of information technology. Thus, pharmacy can 

now be characterized as an occupation where earnings is a linear function of hours worked, 

which is less penalizing for women with small children.  

 

Penner et al. (2023) exploit employer-employee data from 15 countries over a ten-year period 

starting from 2005 to investigate the gender earnings difference that arises between similar 

job types in the same firms among workers aged 30-55. Their results show that even within 

the same establishment and controlling for age, age-squared, education and degree of 

attachment (full time or part-time), men’s earnings exceed women’s in all 15 countries in 

their dataset. Thus, within-job differences are important, and for Denmark, the study finds 

this difference accounts for about 40% of the overall gender pay gap. In terms of workplace 

characteristics, a study based on employer-employee data from West Germany by Bruns 

(2019) explores the effect of workplace characteristics on the gender gap in firm-specific wage 

premiums. The drivers of the growth in premiums are high-wage firms and firms with a 

higher male share of employees. Furthermore, they argue that both being employed in a 

relatively low-wage firm and lower female bargaining power can explain these differences in 

wage premiums. Using matched employer-employee data from Italy, Casarico and Lattanzio 

(2023) find that mothers are more likely to select into firms with lower value added and lower 

wages. They also explore heterogeneous effects at the individual and firm levels and find that 

among individual factors, child penalties are larger among those employed in blue-collar or 

low-wage firms, among younger individuals and those taking longer maternity leaves. At the 

level of the firm, child penalties are largest in firms with many female workers.  

 

Of course, gender differences in demand-side characteristics may also reflect sorting in the 

labour market. Women after childbirth may change their sorting behavior and may re-locate 

in jobs, occupations, industries, or sectors that more easily accommodate their new function 

as primary parent. This was first recognized by Becker (1985), who argued that women take 

their expected fertility into account and therefore choose different types of jobs, leading to 

the observed occupational segmentation by gender and hence, the differences in labour 

market outcomes. This idea was elaborated further by Blau and Kahn (2017) who argue that 

motherhood might affect women’s choice of workplace, inducing them to shift to more family-
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friendly positions, as well as their effort and productivity. Goldin et al. (2017) furthermore 

gives a rationale for an increasing child penalty over the life cycle. Women and men diverge 

over time in terms of the type of employment they seek out, with men pursuing careers with 

higher earnings and promotion possibilities and women pursuing careers with lower earnings 

but greater stability and flexibility. For example, several previous studies have shown that 

mothers in Denmark self-select into the public sector where non-pecuniary benefits such as 

flexible working arrangements are larger, which in turn has implications for the family gap 

in wages (Nielsen et al., 2004; Simonsen and Skipper, 2006; Pertold-Gebicka et al., 2016). 

 

Other than sorting, bargaining differences may also produce different outcomes by gender. 

Using Portuguese employer-employee data, Card et al. (2016) explore how much bargaining 

and sorting channels combined contribute to the gender wage gap in Portugal. Sorting is 

captured by women working in firms that give smaller surpluses, while bargaining implies 

that within the same firm, women earn smaller wage premiums than men. Their estimates 

show that bargaining and sorting together account for 20% of the gender wage gap in 

Portugal. Their results show that three quarters of this gap can be attributed to the sorting 

effect and one quarter to the bargaining effect. Furthermore, the sorting effect itself is 

heterogeneous along the distribution of skills and is more salient for low-skilled and middle-

level labour. Gallen et al. (2019) apply the same methods to decompose the gender wage gap 

in Denmark, using matched employer-employee data. By 2010, they find a gender wage gap 

equal to 20.2%. They also find that sorting explains about 15% of the gap in 2010. Their 

results further show that by 2010, observable gender differences account for 7.5 percentage 

points of the total gender wage gap of 20.2%, and that the narrowing of the wage gap by 50% 

since 1980 is mainly due to a reduction in the gender gap in hours and labour market 

experience.  

 

A few papers have explored the importance of family policies for child penalties, including 

childcare and leave policies. Kleven et al. (2022b) use Austrian administrative data and 

exploit changes in family policies and leave reforms over time for investigating gender 

inequality in earnings. The authors find that these historic changes in childcare policies have 

little impact on earnings differences between men and women. Expansions in parental leave 

schemes have short-run negative impacts but hardly any long-run impacts on women’s 

labour market outcomes. On the other hand, Casarico and Lattanzio (2023) find that child 

penalties are lower (higher) in regions in Italy that are considered more (less) progressive, as 

measured by childcare provision. According to the authors, both gender norms and legal 

institutions do matter for child penalties. Similarly, Weile (2022) also finds large regional 

differences in the child penalty between eastern and western Denmark, regions, which differ 
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according to conservative values, for instance proxied by the share voting for far-right 

parties.1 

 

Progressivity in part reflects norms relating to gender. Kleven et al. (2019a) draw data from 

the International Social Survey Program (ISSP) about individuals’ attitudes towards 

employment of mothers with young children to elicit gender norms. They uncover a positive 

correlation between the elicited gender norms and the estimated child penalties. Carrying on 

this line of enquiry, Kleven et al. (2022a) find a negative relationship between the 

progressivity of the birth canton in Switzerland (measured as the fraction voting yes to the 

female right to vote in 1971) and child penalties even when conditioning on the current area 

of residence. Kleven (2023) finds similar results using pseudo-event studies to estimate the 

child penalties in the US. Estimated child penalties are significantly higher for parents 

originating from high-penalty states than for parents originating from low-penalty states, 

conditional on the current state of residence. When considering immigrants, they find a 

similar mechanism at play, i.e., that estimated child penalty reflects the child penalty in the 

country of origin. The importance of culture and social factors is convincingly shown by 

Rosenbaum (2021), too, who finds a child penalty also among adopting mothers (although 

not as large as that within biological mothers). This set of papers concludes that norms and 

culture drive the differences in child penalties more than policies do (Kleven et al., 2019a). 

However, as we discuss in Section 7, policies may play an important role in influencing 

norms.  

 

Digging deeper into the black box of gender norms, it is primarily the norm concerning who 

will be the primary provider of childcare and housework that is salient for gender gaps and 

slow convergence (Giuliano, 2020). However, there is also an economic explanation for this: 

it is generally assumed that the partner with the lowest opportunity cost of working in the 

labour market takes on more of the home production, e.g. Gronau (1977), and typically 

women tend to have lower wage rates and earnings than their spouses.  

 

Data on Danish households from 2002 confirm that opportunity costs matter and show that 

women devote more time to unpaid work compared to men, especially to more time inflexible 

activities like childcare, picking-up children from leisure activities etc, Bonke et al. (2004). 

Moreover, men allocate more time to paid work, and the difference only increases with 

children in the household (Craig and Mullan, 2010). Cortés and Pan (2020) model time 

allocation within households and assume that the productivity in child-rearing differs for 

 
1 See Landkort viser forskelle i partiernes stemmeandele - Danmarks Statistik (dst.dk). 

https://www.dst.dk/da/Statistik/nyheder-analyser-publ/bagtal/2019/2019-02-20-landkort-viser-forskelle-i-partiernes-stemmeandele
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mothers and fathers. Thus, even though mothers may earn more than fathers, mothers might 

still reduce their hours in the labour market if they are more productive at raising children. 

Gender norms are modelled by introducing differences in preferences. Women may try to 

fulfill their traditionally ascribed role of homemaker if society judges them for that, and 

similarly, men may try to live up their traditionally ascribed role of primary provider for the 

family. When taking the model to PSID data, the authors find that comparative advantage 

alone cannot explain the child penalty in earnings, which indicates the presence of gender 

norms/preferences.  

 

In a similar vein, Andresen and Nix (2022) develop a household decision-making framework 

that incorporates gender norms and preferences regarding childcare, specialization within 

households, and the biological consequences of giving birth. The authors compare same-sex 

to different-sex couples in order to tease out the mechanisms using Norwegian administrative 

data, in a framework that is similar to Rosenbaum (2021). Similarly to Rosenbaum (2021), 

the results show that gender norms and preferences drive the persistent child penalty 

experienced by women in different-sex couples while biology seems to explain a minor part of 

it.  

                                                                                                                                            

Focusing more directly on the period around childbirth, Andersen (2018) exploits Danish 

administrative data to investigate the effects of five parental leave reforms within a household 

exploiting paternity leave extensions among others. Her findings suggest that the father’s 

engagement in paternity leave and childcare positively impacts the mother’s labour market 

outcomes both in the short and long run, as the father increases his household capital. This 

is because mothers develop a greater attachment to the labour market and improved 

negotiations in the household, e.g., when deciding who should stay home with a sick child. 

Furthermore, the change in the distribution of parental leave yields a more equal allocation 

of household responsibilities even when the father’s paternity leave increases. These findings 

suggest that the size of the child penalty is influenced by the allocation of parental leave 

between the parents. Thus, extending paternity leave may break the intrahousehold 

specialization and increased investments made in the specialized spheres by each parent. We 

return to the role of public leave policy in breaking down gender norms in Section 7. 

 

Finally, we cannot rule out that labour market discrimination against mothers could lead to 

heterogeneity in the observed child penalty, if e.g., some employers are more discriminating 

than others. A study by Correll et al. (2007) experimentally show that mothers are subject to 

discrimination due to their parental status, whereas fathers do not experience such 

discrimination and even experience a fatherhood bonus. The authors expose employers to job 
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applications from candidates of the same sex and qualifications who only differ according to 

their parental status. The study finds that among female applicants, non-mothers are 

considered more competent and committed than mothers, and that employers recommend a 

higher salary for non-mothers compared to mothers and are more likely to recommend non-

mothers for promotion. On the other hand, there is no fatherhood penalty and in fact, 

employers even consider fathers to be more committed.  

 

While we do not have a way of measuring discriminating attitudes and practices of employers, 

on the basis of the literature reviewed here, we will search for heterogeneity in the child 

penalty in our data according to individual background characteristics such as age and the 

education obtained prior to entering the labour market, as well as sector, industry, 

occupation, firm-level factors, variables representing the pre-childbirth household division of 

labour and the area and municipality of residence. In the next section we present both the 

event study and causal forest methodologies used in this paper and discuss strengths and 

limitations of each approach.  

 

 

3 Methodology 
Our aim is to study how the impact of children on female and male earnings differs across 

various labour market characteristics. First, we follow Kleven et al. (2019b) and use the 

conventional event study approach to estimate the child penalty. We segment the analysis 

based on hypothesized subgroups to explore heterogeneity in the child penalty. Next, we 

propose to use a machine learning (ML) approach, causal forest, to conduct a data-driven 

exploration of heterogeneity in child penalties. While the hypothesized subgroup approach only 

allows focusing on specific pre-defined characteristics at a time, the ML approach allows us to 

study how the interaction of various characteristics and thresholds relates to the child penalty. 

 

3.1 Event study approach 

Kleven et al. (2019b) popularized the event study approach to estimate the effects of children 

on parents’ labour market outcomes. Since then, a growing number of studies have applied 

it to study the child penalty in different contexts (Andresen and Nix, 2022; Artmann et al., 

2022; Fontenay et al., 2023; Casarico and Lattanzio, 2023; Sieppi and Pehkonen, 2019). The 

main outcome of the model is the child penalty, which measures the difference in the event-

specific impact of children between fathers and mothers’ earnings relative to the 

counterfactual earnings (i.e., absent children) outcome of the mothers. Thus, the child penalty 

can be interpreted as the percentage by which women’s earnings are falling behind that of 
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men’s due to children. 

 

The approach builds on several assumptions for identifying a causal effect of the child penalty. 

First, the event study approach requires that the birth of a child creates sharp changes in 

labour market outcomes in the precise year in which the child arrives (Kleven et al., 2019b). 

It also assumes that these changes are orthogonal to unobserved determinants affecting 

labour market outcomes, which are assumed to evolve smoothly over time. For example, 

families must not have children in response to anticipated labour market outcomes. However, 

even if the smoothness assumption is satisfied, the event study results will be most credible 

close to the event time.  

 

One could be concerned that other events occurring close to the first childbirth such as 

marriage or pregnancy also produce discontinuous effects which confound with the child 

penalty effect. However, Berniell et al. (2022) does not find that pregnancy and marriage create 

sharp changes in labour outcomes. This lends more support to the birth of the first child 

being the event that causes a sharp change in women’s labour market outcomes. Also, the 

smoothness assumption may not hold the further one moves away from the event time, t = 0;  

it is plausible that factors other than children also affect labour market outcomes in the long 

run. Trusting the existence of a long-run penalty requires thus stronger assumptions (Kleven 

et al., 2019b). To reduce bias due to other concurrent changes, Kleven et al. (2019b) controls 

for age and year effects non-parametrically. It is further recommended to include a control 

group of individuals who never become parents or use an instrumental variables approach to 

account for endogeneity (Kleven et al., 2019b). Studies that adopt an IV approach are 

Lundborg et al. (2017, 2024) and Bensnes et al. (2023) who estimate the child penalty by 

exploiting IVF treatments as an instrument for having a child. 

 

In this paper, we rely on the smoothness assumption, compare mothers to fathers only, and 

assume that conditional on age and year, the birth of the first child is exogenous to labour 

market outcomes. Our aim is to compare the standard way of investigating heterogeneity to 

a machine-led method. Future analyses can generalize the analyses here by relaxing the 

above assumptions.  

 

The event study method also relies on the parallel trend assumption. The assumption is 

typically assessed by looking at the pre-period coefficients from five years prior to having 

children which must be visually similar between mothers and fathers. However, parents’ 

earnings in the five years before parenthood may be a poor indicator of lifetime earnings, e.g., 

if some of the included parents are still enrolled in education. Thus, pretrends may not 
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necessarily capture parallel trends even though age and year fixed effects are accounted for 

(Artmann et al., 2022). Sun and Abraham (2021) argue that there could be contamination of 

the pre-period coefficients from other periods, including the excluded period, t = −1, leading 

to treatment effect heterogeneity over time.  

 

Another case where the exogeneity assumption is violated is if women with high earnings 

prospects tend to have children later than women with low earnings prospects (see e.g., 

Bensnes et al., 2023). In fact, they find a small estimate of the child penalty around 2% in the 

long-run using the 2SLS (with IVF as instrument for fertility) event study approach on 

Norwegian data while the authors estimate a long-run estimate of around 20% when using 

the OLS event study approach as Kleven et al. (2019b). Therefore, the authors conclude that 

the child penalties estimated by the event study approach from Kleven et al. (2019b) might 

be upward biased. Similarly, Lundborg et al. (2024) use Danish data and find significantly 

higher event study estimates of child penalties than child penalties estimated using an IV-

IVF approach. 

 

In addition to the assumptions presented above, another implicit assumption is that of a  

common trend across cohorts of first-time parents. This means that women who give birth in 

different calendar years would have the same annual changes in labour market outcomes in 

the counterfactual scenario where they did not have children (Andresen and Nix, 2022; 

Artmann et al., 2022). If this is not the case, then a causal interpretation cannot be given 

either. 

 

The choice of a relevant control group is important for interpreting child penalties and 

interpreting the results in the heterogeneity analysis in the event study setup. Throughout 

this paper, our sample consists of individuals who have entered parenthood, similar to 

previous studies on child penalties (Kleven et al., 2019a; Artmann et al., 2022; Fontenay et 

al., 2023; Casarico and Lattanzio, 2023; Sieppi and Pehkonen, 2019). We argue that there is 

selection into parenthood as we assume that most parents voluntarily choose to have 

children.  

 

Consequently, the causal interpretation of the estimated child penalties applies to parents 

and not the entire population. Alternatively, we could estimate the child penalty by comparing 

mothers with non-mothers and fathers with non-fathers, similar to a robustness check by 

Kleven et al. (2019b). They assign placebo births to non-parents, e.g., comparing never-

mothers with mothers by assigning births to non-parents using the empirical age distribution 

and the cohort of first-time parents in the sample (see also Pertold-Gebicka et al., 2016). 
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However, we have chosen to limit our study to look at the difference in the impact of children 

between mothers and fathers and thereby do not apply this type of analysis. 

 

Finally, our sample is sensitive to the sample restrictions imposed in Table 2. For example, 

we include only individuals who enter parenthood in the age span between 20-45 years old, 

like in Kleven et al. (2019b). This restriction implies that the youngest individuals in our 

sample are 15 years old at event time t = −5 as we observe all individuals in the five years 

prior to childbirth. Therefore, the pretrend coefficients in earnings growth for these young 

individuals may not be the best indication for the trend in future earnings. This can 

potentially bias our results, as the counterfactual outcome of no children is based on 

unreliable pretrends. On the other hand, we want to estimate a representative average child 

penalty, so it would lead to non-representative results if we excluded young parents. When 

estimating child penalties, our study is also subject to the limitations discussed above. 
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3.2    Identification of heterogeneity 

We aim to investigate the heterogeneity in the child penalty across various labour market and 

individual characteristics. One approach is to divide the sample into hypothesized subgroups 

and estimate the child penalty separately for each of these sub-groups. This is the method 

widely used in the literature (Fontenay et al., 2023; Andresen and Nix, 2022; Casarico and 

Lattanzio, 2023; de Quinto et al., 2021; Artmann et al., 2022). For example, de Quinto et al. 

(2021) investigate heterogeneity in the child penalty by education level by conditioning on the 

highest education level obtained pre-birth while Casarico and Lattanzio (2023) investigate the 

child penalty in different subgroups based on labour market characteristics such as occupation, 

the share of female workers, and firm size. 

 

The approach in this paper is twofold. First, we investigate the heterogeneity in child penalties 

by splitting our sample into subsamples based on categorical and continuous variables, which 

we hypothesise to be a source of heterogeneity in child penalties. Given motherhood in t = 0, we 

condition on the relevant variables in t = −1, i.e., prior to motherhood, to avoid conditioning on 

post-treatment effects related to the outcome of the birth of the first child (Casarico and 

Lattanzio, 2023). Second, we investigate various interactions between the included labour 

market, firm, and individual characteristics by applying a causal tree-based machine learning 

method known as causal forest. 

 

Machine learning methods are now entering the labour economists’ toolkit, used often to 

complement and compare to conventional methods. The great advantage of ML methods is that 

they can account for multiple features and interactions between them which may not have been 

envisioned by the researcher as being important at the outset. Applying ML methods (the post-

double LASSO procedure) to the gender pay gap (GPG) in Germany, Bonaccolto-Töpfer and Briel 

(2022) find important differences in findings compared to conventional methods. Davis and 

Heller (2017) apply the causal forest to data originating from two RCT’s of the same summer job 

program and analyze treatment heterogeneity in predicting crime and employment outcomes. 

 

In this paper we apply a method known as honest causal forest, which is a tree-based supervised 

ML method. Tree-based ML methods are a way of uncovering heterogeneity in the conditional 

average treatment effect (CATE), (Athey & Imbens, 2015, 2016). They partition the sample into 

subsets through binary splits of the covariates at threshold values where the thresholds are 

determined through a data-driven approach. Afterwards, the method fits a model within each of 

the final subsamples, called the leaves of the tree. A pitfall of using the causal tree method, a 

method relying on a single tree, is that the estimates may be invalid if the training set contains a 

high degree of noise. This happens as the causal tree aims to maximize the variance between the 
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leaves and minimize the variance within the leaf (Brand et al., 2021), i.e., the regression trees 

split the data iteratively to minimize mean squared error (MSE) within each partition. 

Consequently, the estimates may be unstable and be strongly dependent on the initial seed, 

which determines how individuals are allocated between training and estimation samples.  

 

For this reason, we may want to estimate a treatment effect in each leaf and then average across 

multiple trees, growing what is known as a causal forest, see e.g. Athey, Tibshirani, and Wager, 

2019; Wager and Athey, 2018, Hastie et al., 2009, Breiman et al., 1984 and Breiman, 2001. The 

advantage of the causal forest over the causal tree is that it randomly draws multiple samples, 𝑠𝑠, 

from the original sample, 𝑛𝑛, using subsampling where the subsamples are of a smaller order than 

the original sample, i.e. 𝑠𝑠 < 𝑛𝑛, and takes an average across these to smooth predictions. As 

mentioned already, the conditional average treatment effect is then predicted for each unit 

(individual) in the dataset, rather than producing a group level average effect or the predicted 

outcome of the dependent variable. Causality is based on the unconfoundedness assumption, 

i.e., the treatment effect is a conditional average treatment effect (CATE). The causal forest 

method is honest because a subset of the data is withheld (training sample) for learning the 

features of the model and cross-validating them, which are then applied to another subset of the 

data (the holdout or estimation sample) for estimating effects. These subsets of data can be drawn 

independently from the same distribution. The honesty feature prevents overfitting and 

minimizes the false discovery problem (Athey et al., 2019; Athey & Imbens, 2016; Kattenberg et 

al., 2023). 

 

In the first part of our heterogeneity analysis, we estimate the baseline event study model by 

subgroups to identify heterogeneity in child penalties. In other words, we allow for different age 

and year effects for parents in each subgroup like Fontenay et al. (2023). In the second step, we 

adopt the causal forest approach. However, we agree with Bütikofer et al. (2018), that both the 

hypothesized subsample analysis and the ML method may be prone to a selection bias when we 

condition on labour market characteristics. The bias arises because men and women might select 

different industries, occupations, sectors, and firms, and we do not account for this type of 

sorting. Therefore, we cannot claim to identify the causal effect of labour market characteristics 

on child penalties due to possible endogeneity bias. Instead, we interpret the child penalties as 

causal conditional on the given characteristics we split on. Such an analysis is still relevant 

because any differences we find compared to the event study method gives new information on  

sources of heterogeneity in the child penalty, and allows us to compare and contrast our findings 

to those from a growing literature using event study methods to study heterogeneity (Bütikofer 

et al., 2018; de Quinto et al., 2021; Andresen and Nix, 2022; Casarico and Lattanzio, 2023; 
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Fontenay et al., 2023). 

 

Following Kleven et al., (2019), we write the basic event study equation to be estimated as 

              𝑌𝑌𝑖𝑖𝑖𝑖𝑖𝑖
𝑔𝑔 = � 𝛼𝛼𝑗𝑗

𝑔𝑔 ∙ 𝟏𝟏
𝑗𝑗 ≠ −1

[𝑗𝑗 = 𝑡𝑡] + �𝛽𝛽𝑘𝑘
𝑔𝑔 ∙ 𝟏𝟏

𝑘𝑘

[𝑘𝑘 = 𝑎𝑎𝑎𝑎𝑎𝑎𝑖𝑖𝑖𝑖] + �𝛾𝛾𝑦𝑦
𝑔𝑔 ∙ 𝟏𝟏

𝑦𝑦

[𝑦𝑦 = 𝑠𝑠] + 𝑣𝑣𝑖𝑖𝑖𝑖𝑖𝑖
𝑔𝑔 ,   𝑔𝑔 ∈ {𝑚𝑚, 𝑓𝑓}                             (1)  

 

where 𝑔𝑔 ∈ {𝑚𝑚, 𝑓𝑓} is the gender of individual 𝑖𝑖, 𝑡𝑡 is the event time relative to the birth of the first 

child, and 𝑠𝑠 is the year of the observation. This equation is estimated separately for each gender 

for each of the hypothesized subgroups. In each case, child penalties are then calculated as the 

gender difference in the event time coefficients in any period scaled by the counterfactual female 

income. The counterfactual female income is the predicted female income from the equation 

above minus the event time estimates. These results appear in Figures 1-12. Thus, the child 

penalty in event time t is given by 

𝑃𝑃𝑡𝑡 =
𝛼𝛼�𝑡𝑡𝑚𝑚 − 𝛼𝛼�𝑡𝑡

𝑓𝑓

𝐸𝐸[𝑌𝑌�𝑖𝑖𝑖𝑖𝑖𝑖𝑤𝑤 �𝑡𝑡] 
                                                                                           (2) 

 

where 𝑌𝑌�𝑖𝑖𝑖𝑖𝑖𝑖𝑤𝑤  is the counterfactual labour market outcome of females when excluding the event-

specific contribution of children. Next, we turn to the implementation of causal forest in this 

setup. The causal forest algorithm is designed to estimate the conditional treatment effect 𝜏𝜏(𝑋𝑋), 

given 1 indicates assignment to a treatment state, i.e. being a father in event time t, and 0 not, 

and where 𝑌𝑌  measures outcome. Thus,  𝜏𝜏(𝑋𝑋) = 𝐸𝐸[𝑌𝑌(1) − 𝑌𝑌(0)|𝑋𝑋 = 𝑥𝑥], where 𝑌𝑌(1) and 𝑌𝑌(0) are the 

outcomes under the treated and control state, respectively, captures the relative treatment effect 

of parenthood for fathers in event time t compared to mothers. By training the model to identify 

subgroups in which the Conditional Average Treatment Effect (CATE) differs from the Average 

Treatment Effect (ATE), the method yields consistent estimates of heterogeneity in the treatment 

effects. 

 

To be able to estimate the equation above using causal forest, we first need to convert it to a fully 

gender-interacted one-equation model, as causal forest estimation is based on a single equation. 
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Thus, we rewrite equation (1) as: 

 

𝑌𝑌𝑖𝑖𝑖𝑖𝑖𝑖 = � �𝛼𝛼𝑗𝑗
𝑓𝑓 + 𝛼𝛼𝑗𝑗𝑚𝑚 ∙ 𝟏𝟏[𝑔𝑔 = 𝑚𝑚]� ∙ 𝟏𝟏

𝑗𝑗 ≠ −1

[𝑗𝑗 = 𝑡𝑡] + ��𝛽𝛽𝑗𝑗
𝑓𝑓 + 𝛽𝛽𝑗𝑗𝑚𝑚 ∙ 𝟏𝟏[𝑔𝑔 = 𝑚𝑚]� ∙ 𝟏𝟏

𝑘𝑘

[𝑘𝑘 = 𝑎𝑎𝑎𝑎𝑎𝑎𝑖𝑖𝑖𝑖]

+ ��𝛶𝛶𝑗𝑗
𝑓𝑓 + 𝛶𝛶𝑗𝑗𝑚𝑚 ∙ 𝟏𝟏[𝑔𝑔 = 𝑚𝑚]� ∙ 𝟏𝟏

𝑦𝑦

[𝑦𝑦 = 𝑠𝑠] + 𝜏𝜏(𝑋𝑋𝑖𝑖) · � �𝛿𝛿𝑗𝑗
𝑓𝑓 + 𝛿𝛿𝑗𝑗𝑚𝑚 ∙ 𝟏𝟏[𝑔𝑔 = 𝑚𝑚]� ∙ 𝟏𝟏

𝑗𝑗 ≠ −1

[𝑗𝑗 = 𝑡𝑡]  

+ �𝑣𝑣𝑖𝑖𝑖𝑖𝑖𝑖
𝑓𝑓 + 𝑣𝑣𝑖𝑖𝑖𝑖𝑖𝑖𝑚𝑚 𝟏𝟏[𝑔𝑔 = 𝑚𝑚]�                                                                                                                           (3) 

 

 

As the causal forest is a cross-sectional model, we need to further reduce the dimensionality of 

the problem. We do this by considering only event time = −1 and event time = 5 and considering 

the difference between the two as our dependent variable in the analysis. We select event time = 

5 because as we will show, the gender-specific impacts appear to stabilize by that time. This 

choice ensures that the identifying assumptions of a causal child penalty are stronger, as moving 

further away from the event time may weaken these assumptions. Furthermore, because studies 

such as Bensnes et al. (2023) and Lundborg et al. (2024) find little evidence of long-run child 

penalties, our focus will be on the medium run, i.e., 5 years after childbirth.                                                                                                                                                                

We thus redefine equation 2 as the difference in earnings between event time −1 and event time 

5 giving the estimation equation below: 

 

𝑌𝑌𝑖𝑖𝑖𝑖5 − 𝑌𝑌𝑖𝑖𝑖𝑖−1 = � �𝛼𝛼𝑗𝑗
𝑓𝑓 + 𝛼𝛼𝑗𝑗𝑚𝑚 ∙ 𝟏𝟏[𝑔𝑔 = 𝑚𝑚]� ∙ 𝟏𝟏

𝑗𝑗 ≠ −1

[𝑗𝑗 = 5] + ��𝛽𝛽𝑗𝑗
𝑓𝑓 + 𝛽𝛽𝑗𝑗𝑚𝑚 ∙ 𝟏𝟏[𝑔𝑔 = 𝑚𝑚]� ∙ 𝟏𝟏

𝑘𝑘

[𝑘𝑘 = 𝑎𝑎𝑎𝑎𝑎𝑎𝑖𝑖𝑖𝑖]

+ ��𝛶𝛶𝑗𝑗
𝑓𝑓 + 𝛶𝛶𝑗𝑗𝑚𝑚 ∙ 𝟏𝟏[𝑔𝑔 = 𝑚𝑚]� ∙ 𝟏𝟏

𝑦𝑦

[𝑦𝑦 = 𝑠𝑠] + 𝜏𝜏(𝑋𝑋𝑖𝑖) · � �𝛿𝛿𝑗𝑗
𝑓𝑓 + 𝛿𝛿𝑗𝑗𝑚𝑚 ∙ 𝟏𝟏[𝑔𝑔 = 𝑚𝑚]� ∙ 𝟏𝟏

𝑗𝑗 ≠ −1

[𝑗𝑗 = 5] + 𝑣𝑣𝑖𝑖𝑖𝑖𝑖𝑖             (4) 

 

The treatment effect is thus male*t = 5, while the main effects of male, age and calendar time are 

absorbed in the covariate vector X (dropping age and year in t = 5 to avoid perfect collinearity) 

and with a combined error term. A key assumption for the validity of causal forest is that of 

positivity or overlap. Say 𝑊𝑊 is the binary variable that indicates assignment to treatment, then 

we want that 𝑃𝑃(𝑊𝑊𝑖𝑖 = 𝑤𝑤|𝑋𝑋𝑖𝑖) > 0,𝑤𝑤 = 0,1. This means that this assignment probability cannot be 

zero for some values of X. Causal forest methodology is described further in Section 6. The main 

settings we will work with are 2000 trees aggregated into the forest. We will randomly sample 

50% of the data to build each tree. Since the honesty criterion is used, these subsamples will 
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again by split in half to, respectively, determine the splits and obtain predictions.  

 

 

4 Description of Data 
We exploit extensive administrative register data from Statistics Denmark to construct our 

sample of first-time parents. Our sample of parents is based on all individuals in Denmark from 

the population register, BEF, from Statistics Denmark. We follow the sample selection from 

Kleven et al. (2019b), Rygaard and Weile (2023), and Weile (2022) closely and construct a relevant 

sample of first-time parents (see Table 2 for details on the sample selection process). Therefore, 

we keep only individuals registered as biological (and not adoptive) parents and with unique 

information about gender and date of birth. Additionally, we exclude parents in same-sex couples 

and parents whose children have more than one registered mother or father. 

 

One difference compared to Kleven et al. (2019b), is that our study examines a more recent 

sample of parents with children born in the period 2002-2010. The reason we start the analysis 

from 2002 is that a major reform of the parental leave system came into force from March 7th, 

2002. The reform extended parental leave from 10 to 32 weeks, dropped 2 weeks of earmarked 

paternity leave that could be taken after the 10 weeks of maternity leave and replaced the 

previous one year of parental leave with compensation at 60% UI benefit by 28 weeks (14 weeks 

each) parental leave with no compensation. The reform was announced in January 2002 and 

applied to all parents whose children were born on or after March 7th, 2002 (see Lassen (2022) 

for more details). However, parents whose children were born between January 1st, 2002, and 

March 7th, 2002, could choose whether to take up the new scheme or the old one and almost all 

chose the new scheme (Beuchert et al., 2016).  

 

At the other end of the data period, to ensure that we have least 10 years of post-birth information 

on labour market outcomes, and since information on employment and employer contributions 

(ATP) is only available until 2020, we stop at the 2010 cohort. We also require, like Kleven (2019b) 

parents to be between 20 and 45 years old when they enter parenthood. This reduces the 

likelihood of including parents who have yet to enter the labour market or who have already 

withdrawn themselves via retirement. Finally, we restrict our sample to be balanced such that 

both parents of the child must be present in our sample, and both parents must have available 

income information for all 16 years in our event window. We show the sample selection criteria 
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in Table 2.  Our final sample consists of 372,798 individuals.  

 

 

Table 2. Sample selection for main sample 

Sample Restriction Individuals 

All individuals from the BEF population register 8,734,928 

Excluding individuals with ambiguous or missing gender and birth year 

information 

8,729,908 

Excluding individuals who have not yet entered parenthood 3,623,493 

Excluding same-sex couples and children with more than two registered 

parents 

3,621,298 

Keeping individuals who enter parenthood in 2002-2010 459,206 

Keeping individuals who enter parenthood between 20-45 years of age 450,496 

Excluding individuals with missing income information in one or more 

years in the event window 𝑡𝑡 = {−5, … ,10} around the first 

childbirth 

404,257 

Excluding individuals for whom their child does not have both parents 

observed in the sample 

380,388 

Deleting couples for whom labor market status is missing for either one 

or both members 

376,582 

Deleting couples for whom education is missing for either one or both 

members 

372,798 

 

                                                                                                                                                

We include income in all years, even when income in a given year is zero. This is because some 

individuals may decide to stay home with their children, and this is also a part of the child 

penalty. Indeed, while observations of zero earnings are almost equally distributed between 

mothers and fathers in t = −1, this is not the case for t > 0. Unlike Kleven et al. (2019b), we deflate 

earnings using Statistics Denmark’s annual change in the consumer price index, PRIS112, 

however, this does not change results compared to using non-deflated earnings.2 Similar to 

Kleven et al. (2019b), we define the three margins of earnings: hours worked, hourly wage, and 

participation in the labour market. We construct the labour market outcomes using the 

 
2 Another difference to that paper is that we use the loenmv13 variable from the income register 
to measure the yearly income for the parents in our sample compared to the loenmv variables 
used by Kleven et al. (2019b). The loenmv13 measure was added as an update to the income 
registers in 2013 and includes employer-paid sick leave, remuneration for non-competition 
clauses, and researcher salary in addition to the income components in the loenmv variable. 
Again, we can show that the two variables produce nearly identical results.  

https://www.statistikbanken.dk/pris112
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individual ATP contribution, like the approach of Kleven et al. (2019b).3 

 

4.1 Employer and employee data   

We include information about the individual’s firm of employment in t−1, and all labour market 

characteristics are measured in t = −1 to avoid conditioning on decisions made after the arrival 

of the first child. We are interested in the overall performance of the firm and therefore we 

measure characteristics at the firm level and not the workplace level. Firm characteristics include 

the firm’s age and a dummy variable indicating whether the firm is Copenhagen-based and 

whether it is considered a new firm (< five years of tenure,  as most bankruptcies occur when the 

firms are between 3-5 years old (The Danish Foundation for Entrepreneurship, 2018). Further, 

we include firm financial information including selected information from the firms’ accounting 

statements, i.e., revenue, balance, equity, and net income.                                                                                          

 

Additionally, we include two different financial indicators to compare firms’ financial efficiency, 

return on assets (ROA), which measures how well a firm uses its assets to generate profit, and 

return on equity (ROE), which measures profitability by comparing a firm’s net profit with its 

equity. Lastly, we calculate the firms’ revenue growth to allow heterogeneity in growth (Harrison 

Jr et al., 2014). The firm-specific variables are summarised in Appendix Table A.1.1. In addition 

to financial and structural information about the firms of employment, we include additional 

available information about the individual’s employment and industry in Appendix Tables A.1.2 

and A.1.3. We construct the industry variable using relevant industry information from the 

workplace register, covering the relevant period.  

 

Note that the means of the firm-specific variables reported in Table A.1.1 such as revenue or 

share of women in each employment position is measured as the mean across individuals 

employed in these firms, i.e., firms with many employees might occur in the sample several times. 

Consequently, the reported means are not the average of firm characteristics in 2002-2010 but 

the mean characteristics of the companies in which the individuals in our sample are employed. 

 

Statistics Denmark reports detailed workplace statistics, such as the firm’s share of employees 

at different employment levels. The proportion employed at each level is determined based on 

 
3 Since 1964, the ATP contribution has been mandatory for all employees, including the self-
employed, aged 16 or older, who work more than 39 hours per month. The individual contribution 
is a discrete function of hours worked and depends on the pay period. Thus, the ATP variable 
and the defined labour market outcomes will limit the scope of measuring the marginal change 
in hours worked due to the discrete nature of the variable. This limitation may result in 
underestimating the child penalty in hours worked and overestimating the child penalty in wage 
rates (Kleven et al., 2019b).  
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their primary job title. In addition, Statistics Denmark reports the proportion of employees in the 

individual categories who are women. Finally, we include additional variables relating to the 

individual’s employment, e.g., experience in the labour market, and tenure in their present 

employment position. 

 

4.2 Individual characteristics 

We also include individual background information on mothers and fathers such as age, marital 

status and relative wage income, see Appendix A.1.4. Again, we measure these individual 

characteristics in t = −1 to avoid conditioning on post-treatment decisions. The average age at 

first birth of mothers (fathers) increases from 28 (29) to 29 (30) over our sample period. We do 

not use any post-birth characteristics in the model as they can be affected by the treatment. 

However, we compare the completed family size ten years after the birth of the first child and find 

no difference across parents - the average number of children of fathers ten years after birth is 

2.127 (0.713) while that of mothers is 2.132 (0.706).   

 

As a measure of specialization/gender norms within the family, we utilize the couple’s relative 

wage income (mother’s wage/(mother’s wage + father’s wage)), measured at t = −1. While in most 

countries, men earn a larger share of the household income, women’s share has been increasing 

over time. In the U.S. it was 26% in 2010, up from 11% in 1970 (Bertrand et al., 2015). A sharp 

“cliff” in this share at 50% is associated with a lower match likelihood and can be taken to 

represent gender identity norms within the family. When women’s share exceeds that of men, it 

may signal a more egalitarian gender norm prevailing within the couple. At the same time, such 

women are highly selected and may behave differently from other women. For example, studies 

show that women who earn more than their husbands often compensate for going against the 

traditional norm by doing a larger share of household activities (Bittman et al. 2003, Bertrand et 

al., 2015). Note that we use the actual share of household (wage) income in the estimation and 

not the predicted or instrumented share as in Bertrand et al. (2015).  First, we already control 

for demographic characteristics such as age and education in our models, and second, given the 

homogeneity of the setting we are analyzing, marriage markets do not differ as much as in the 

U.S. setting analyzed in previous papers. Also, Bertrand et al. (2015) find largely similar estimates 

when using the actual share versus the predicted or instrumented share.  

 

The distributions of relative wage income for the mother and father appear in Appendix A6. 

Although not as dramatically different as in the U.S., in Denmark too, fathers are the main 

earners in the family, and the mother’s distribution is steeper to the right of 0.5. The average 

mother’s (father’s) share of household wage income seen from Table A.1.4 is 0.458 (0.542) at t = 

−1. When comparing over cohorts, the mother’s share varies from 0.452 for the oldest cohort to 



24  

0.461 for the youngest cohort in our sample, indicating stability in this share over time.  

 

Finally, we add information about individuals’ highest completed level of education and their 

place of residence. These variables are summarized in Appendix Tables A.1.5 and A.1.6. Statistics 

Denmark classifies municipalities into five distinct categories based on two factors, the density 

of available workplaces and the number of inhabitants in the largest city within the municipality. 

The five categories include capital, commuter, metropolitan, provincial and rural municipalities. 

We include the municipality groups variable to our sample and report its distribution in Appendix 

Table A.1.7. 

 

 

5 Heterogeneity in the impact of children – event study 
In this section, we first evaluate the impacts of children on first-time parents’ labour market 

outcomes using the event study approach by Kleven et al. (2019b) presented in Section 3. As in 

Kleven et al. (2019b), we estimate the gender-specific impact of children on earnings and the 

three margins of earnings: hours worked, participation rate, and wage rate. 

 

Figure 1 displays the results of the event study approach. More specifically, it captures the event 

time coefficient for men and women relative to the counterfactual outcome of having no child. 

Thus, the figure captures how the impacts of having a child differ between the two genders for 

five years before and ten years, after childbirth. As discussed earlier, we also show the medium-

run child penalty (between −1 and 5), and as can be seen from the figure, the gender gap in 

earnings becomes more prevalent mainly during this event time interval. Similar to Kleven et al. 

(2019b), we estimate a substantial child penalty in earnings both in the short-run, medium-run 

and long-run, i.e., the child penalty in earnings is estimated to 31.0% in t = 1, 21.2% in t = 5 and 

21.3% in t = 10. If anything, we find slightly larger child penalties than Kleven et al. (2019b). This 

is remarkable as we analyze more recent cohorts, indicating that the size and trend of child 

penalties are persistent over time in Denmark.  

 

In panels B-D in Figure 1, we estimate the impact of children on the three margins and display 

the dynamics, again, like Kleven et al., (2019b). From the panels, it is clear that all three variables 

contribute to explaining the overall child penalty in earnings, as all panels display a significant 

impact of children on women. Moreover, we estimate a positive child penalty for all three margins, 

which are comparable in size with the findings of Kleven et al. (2019b), even though it is based 

on a more recent sample. We note that while the estimated child penalty in our study is lower in 

hours worked and participation rate compared to Kleven et al. (2019a), the estimated (long-run) 

child penalty for the wage rate is approximately 4 percentage points higher compared to the 
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estimate in Kleven et al. (2019a).  

 

 

Figure 1: Child penalties in earnings, hours worked, participation and the wage rate 

 

Notes: The panels reproduce Figure 1 in Kleven et al. (2019b) for a more recent sample. Instead 
of using the 1985-2003 cohorts, we use children born in 2002-2010 and a slightly different 
measure of earning (see Table 2 for more details on sample selection). We plot the gender-
specific impacts of children over the event window for earnings and the three margins of 
earnings. The vertical line indicates the first birth, and the reported medium-run and long-run 
child penalties are measured in  t = 5 and t = 10, respectively, by Equation 2. We follow Andresen 
and Nix (2022) and include confidence intervals in all four panels constructed by bootstrapping 
500 times. 
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Figure 1 includes confidence bands for the gender-specific dynamics. The confidence bands are 

estimated using 500 bootstrap replications similar to the approach of Andresen and Nix (2022), 

with clusters on the identifier of each parents, and by stratifying the sample by gender to ensure 

balance. The confidence bands displayed in Figure 1 are the 1st and 99th percentiles in the 

distribution of the 500 bootstrap estimates. Note however, that in subsequent event study figures 

we follow Kleven et al. (2019b) and construct 99% confidence bands using robust estimates of 

the standard errors (i.e., not bootstrapped confidence bands) due to computational limitations. 

 

Identifying the long-run child penalty builds on the fact that we use men as controls for women, 

similar to previous literature on child penalties (Kleven et al., 2019b; de Quinto et al., 2021; 

Artmann et al., 2022; Fontenay et al., 2023). Note also that this strategy becomes less informative 

in the long run as we move further away from the event time, t = 0, as it becomes arguable 

whether men constitute good controls for women in the long run, since the two genders might 

not necessarily follow the same trends in the counterfactual case of no children. Nevertheless, for 

the sake of comparison to Kleven et al. (2019b), we retain this strategy and investigate how the 

impact of children differs for women relative to men rather than the absolute effect of children.  

 

The key identifying assumption in the event study is the absence of a trend in the period before 

the event. The presence of a pretrend may indicate anticipation of the event or even the presence 

of a third factor affecting the development of the outcome (Miller, 2023). Visually comparing pre-

period coefficients between the two genders to see if they show the same pretrends (overlapping 

confidence intervals) reveals that this does not hold in several cases. In many of these cases, even 

though there is pre-event gender difference in trends, there is also a clear reversal in the female 

trend after the event. That is, the female outcome was rising faster than male outcome before the 

event, but the pattern reverses itself after.  However, it cannot be said that the pretrends are the 

same, even in these cases.  
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The pretrends are highly problematic for 3 out of 46 event studies we have estimated. This 

occurs for the wage rate in periods −5 and -4, though not for -3 or -2 (see Figure 1, panel D) and 

for the two lowest levels of education (Figure 7, panels A and B). In such cases, it is difficult to 

conclude that the effect found is the result of motherhood. Testing for pretrends visually in this 

way is not without its problems, however. Partly, the tests itself are low-powered, party they test 

only for linear violations and, furthermore, statistical distortions can be large (Roth, 2022). 

Therefore, Roth (2022) suggests more pragmatic tests allowing for wider confidence bands or 

based on applying more context-specific economic intuition to the problem (Rambachan and 

Roth, 2023).  

 

In the next subsections, we study heterogeneity in the child penalty in earnings across various 

subgroups hypothesized a priori as being relevant. The hypothesised subgroups are based on 

labour market characteristics presented earlier. First, we investigate differences in industries 

and employment levels, followed by an investigation of firm-specific characteristics. Finally, we 

also investigate differences in individual characteristics. The covariate set is large therefore we 

show only one example from each of the above categories in Section 5, and instead refer the 

reader to Appendix A2 for the rest of the subgroups. However, we present a summary of all the 

child penalties found through hypothesized subgroup analysis in Tables 3 and 4.  

 

Within each subgroup, it is crucial to remember that the assignment to a subgroup is not 

random. Consequently, the estimated child penalties depend on the self-selection of individuals 

into these specific subgroups. Furthermore, the long-run child penalties also include the 

potential effects of subsequent children, although robustness tests on the sample of parents 

with two children yield the same findings (available on request). Thus, the child penalties 

uncovered here cannot be viewed as a causal effect of the given characteristic on the impact of 

children, but instead should be interpreted as the causal effect of children conditional on a 

specific characteristic and conditional on the assumptions in the event study setup. Casarico 

and Lattanzio (2023) and Bütikofer et al. (2018) also caution against the same when they 

perform hypothesized subgroup analyses to uncover heterogeneous effects of the child penalty. 
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   5.1   Heterogeneity by industry 

Goldin (2014) finds that the gender wage gap varies by industry due to job structures, the level 

of flexibility, and the convexity of pay schemes affecting how easy it is to accommodate children 

in one’s work life. Furthermore, studies also find evidence of sorting with women selecting more 

family-friendly firms or sectors due to children or in anticipation hereof (Nielsen et al. (2004), 

Casarico and Lattanzio, 2023; Pertold-Gebicka et al., 2016). Fontenay et al. (2023) also 

hypothesise that industries requiring large sacrifices to balance work and child responsibilities 

lead to large child penalties. However, there might also be selection in that women who are very 

committed to the labour market select into less family-friendly industries, which would result 

in a smaller child penalty. Consequently, the child penalties would reflect differences in the type 

of parents rather than industries.  

 

We argue that such selection might not be a concern based on the empirical findings of 

Kuziemko et al. (2018), who find evidence that women do not fully anticipate the effects of 

motherhood and the associated costs of having children beforehand. An important implication 

is that women will choose education and implicitly the industry while they are still young and, 

according to Kuziemko et al. (2018), be overly optimistic about their post-childbirth labour 

supply. Despite these findings, there could be some self-selection into specific industries, which 

could bias the results as the child penalties would capture inherent differences between parents 

rather than sector-specific differences. With these conflicting dynamics in mind, we investigate 

the heterogeneity in the child penalty across industries using a similar approach to Fontenay 

et al. (2023), who investigate how child penalties vary across industries in Belgium.                             

 

Figure 2 displays the event study results capturing the effects of children on earnings for each 

of nine industries in our data. There is some noise in definitions of industries, as, especially, 

the public sector industry is complex as we do not have a variable directly indicating whether 

an individual is employed in the public sector. For instance, being employed in health does not 

necessarily mean being employed in the public sector. Consequently, we can only view the 

public sector variable as a proxy for the actual public sector.  
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Figure 2 shows that a similar pattern emerges across all industries, i.e., a distinct drop in women’s 

earnings after childbirth. However, the size of the penalty and the trend for men vary across 

industries (e.g., flat in agriculture, rising in business services). In addition, focusing on the 

pretrends of the two genders in each industry, they all display similar positive trends in earnings. 

The earnings growth for the two genders start to diverge after the birth of the first child. Panel A, 

which includes individuals employed in agriculture, forestry, fishing and raw materials exhibits 

the largest long-run and medium-run child penalty, equal to 32.5% and 28.6%, respectively. We 

observe that women, on average, have more children in this industry compared to other industries 

(available on request). Thus, the size of the child penalty aligns with Kleven et al. (2019b), who find 

that more children lead to a higher long-run child penalty.                                                                           

 

Performing another sensitivity check, where we condition on the number of children within the 

event window to be exactly two, we still find a substantial child penalty in this industry which is 

significantly higher than other industries (available on request). Aside from this, the industry might 

be assumed to be more traditional, which could further explain the large child penalty. However, 

we consider the causal dynamics outside the scope of this paper and leave this for further research. 

Child penalties are lowest in Finance and Chemicals (0.163 and 0.170 in the long run; 0.174 and 

0.177 in the medium run). These are traditionally male dominated spheres of work and may 

therefore indicate a positive selection of women choosing to work in these industries.   
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Figure 2: Child penalties in earnings, by industry

 

Notes: The figure shows the impact of children on earnings conditional on industry information at t = 
−1. In addition to the sample restrictions in Table 1, we condition on available industry information. 
The vertical line indicates the birth of the first child, and the reported medium-run and long-run child 
penalties are measured in t = 5 and t = 10, respectively, by Equation 2. Similar to Kleven et al. (2019b), 
we construct 99% confidence bands using robust estimates of the standard errors. 
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5.2 Heterogeneity within the public sector 

Figure 2 showed a large, long-run (medium-run) child penalty equal to 27.4% (23.3%) in the 

public sector, which was larger than the overall child penalty equal to 21.3% (21.2%). The results 

are surprising as the public sector is generally considered to be more family-friendly e.g., full 

salary during parental leave. Nielsen et al. (2004) find that women in the public sector encounter 

a modest negative effect on wages due to birth-related leaves in the short run. However, the effect 

is temporary, and the women experience full catch-up over time. On the other hand, women in 

the private sector face a more significant penalty for birth-related interruptions, and experience 

limited catching up in the long run. These policies could also have the opposite effect on child 

penalties, as Nielsen et al. (2004) find that women in the public sector take more parental leave 

than their peers in the private sector. During these longer breaks, women fail to accumulate 

experience, which increases the child penalty. However, as described earlier, in a robustness test 

we found that the total number of children had by parents in different industries (including the 

public sector) is not driving the child penalty differences between industries. 

 

Work intensity may vary across industries and could help explain why balancing work and child 

responsibilities as a mother might be challenging in certain sectors. Such challenges may result 

in a larger child penalty in the health industry where working conditions are particularly 

challenging with high-speed work, emotionally stressful situations etc. (Eurofound, 2017). Thus, 

in another analysis we divide our subsample of individuals working in the public sector into three 

subcategories: education, health, and public administration and estimate the child penalty for 

each of the three subsamples individually. The estimation results are presented in Figure 3.  In 

all three panels the pretrends are not the same for the gender-specific impacts of children, 

although the trend for mothers is rising faster than that for fathers before the event and the 

pattern is reversed after the event. This is suggestive of child penalties but, obviously, not 

conclusively so.  If we are to attribute the post-trend difference to child penalties, then 

surprisingly, we estimate a child penalty for health which is significantly lower than the child 

penalty for education. The estimated long-run (medium-run) child penalties are 27.3% (23.5%) 

for health and 35.4% (29.8%) for education. Thus, this would imply that Denmark has a lower 

child penalty in the health sector compared to the one in Belgium equal to 33% (Fontenay et al., 

2023). Instead, the child penalty in the educational sector pulls up the total child penalty in the 

public sector in Denmark. 
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One may expect that women would leave jobs where working conditions are particularly stressful. 

Strikingly, we observe that 80% of women employed in the public sector in t = −1 are still employed 

in the public sector in t = 10. This is much larger than the share of individuals who remain in 

other industries. Furthermore, we see a shift towards the public sector for women in all industries. 

On average, around 30% shift to the public sector from other industries. The pattern may indicate 

self-selection into the public sector induced by parenthood, most likely due to its more family-

friendly characteristics (Nielsen et al., 2004, Pertold-Gebicka et al., 2016). The same pattern is 

absent for men, where only around 8% shift to the public sector from other industries after 

childbirth.  

Figure 3: Child penalties in earnings, by public sector division 

 

Notes: The figure shows the impact of children on earnings conditional on being employed in the public 
sector at t = −1. In addition to the sample restrictions in Table 1, we condition on available industry 
information. The vertical line indicates the birth of the first child, and the reported medium-run and 
long-run child penalties are measured in t = 5 and t = 10, respectively, by Equation 2. Similar to 
Kleven et al. (2019b), we construct 99% confidence bands using robust estimates of the standard 
errors (i.e., not bootstrapped confidence bands) due to computational limitations. 
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5.3 Heterogeneity by level of employment 

We investigate heterogeneity also by level of employment, by dividing our sample into the following 

four categories: management, top-level employment, mid-level employment, and base-level 

employment. Balancing work and home responsibilities may be more challenging for those 

working in management jobs which require longer working hours and high pace of work. The 

results are displayed in Figure 4. All four panels display similar, though not the same, pretrends 

for the two genders. Taking a pragmatic approach and for the reasons mentioned earlier, we do 

not consider the common trend assumption violated even though the pretrends in Panel C differ. 

As mentioned previously, the female trend rises faster than the male trend in all cases before the 

event, and this pattern reverses sharply after, suggestive of an effect of the event. However, this 

is not conclusive evidence, of course. Interpretating the effects nonetheless as child penalties, 

overall, the same pattern emerges across all four categories, but the size of the penalty differs, 

significantly. Panel B, i.e., mid-level employment, displays larger long-run and medium-run child 

penalties than panels A, C and D. i.e., base-level, top-level and managers. Mothers employed in 

management are subject to the lowest child penalty, as we estimate the long-run (medium-run) 

child penalty to be 10.7% (16.5%), which is significantly lower than the population average of 

21.3% (21.2%). Thus, the observed pattern might seem counterintuitive, as occupations within 

management are generally seen as more demanding due to the difficulties in achieving work-life 

balance (Eurofound, 2017). 

 

This may indicate that the low child penalty arises from the characteristics of managers rather 

than working conditions i.e., selection into management is a possible explanation for the low child 

penalty. As can be seen from Table A.1.2 in the Appendix, only 0.82% of women are employed in 

managerial positions in the year before entering parenthood, whereas this holds for more than 

twice as many men in t = −1.  This may indicate that women in management positions prior to 

having children may exhibit higher levels of commitment to the labour market and their careers. 

We also investigate and find that female managers give birth to their first child later in life and 

have a lower number of children in total compared to the three remaining employment categories, 

again supporting the hypothesis that female managers are more committed to their careers 

(available on request).  
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Figure 4: Child penalties in earnings, by employment level 

 

Notes: The figure shows the impact of children on earnings conditional on employment level at t = −1. 
In addition to the sample restrictions in Table 2, we condition on available employment information. 
The vertical line indicates the birth of the first child, and the reported medium-run and long-run child 
penalties are measured in t = 5 and t = 10, respectively by Equation 2. Similar to Kleven et al. (2019b), 
we construct 99% confidence bands using robust estimates of the standard errors (i.e., not 
bootstrapped confidence bands) due to computational limitations. 
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5.4 Heterogeneity by firm characteristics 

In this section we examine whether differences in firm characteristics can be a possible source of 

heterogeneity in the child penalty. Our hypotheses are primarily motivated by previous literature 

showing that firm differences can help describe the size of the estimated gender pay gap between 

men and women, as argued in Section 2. We thus examine differences in child penalties between 

individuals employed in firms with high and low returns on assets (ROA). This subsample analysis 

is motivated by Casarico and Lattanzio (2023), who, using Italian data, find that mothers are 

more likely to select into firms with a lower value added compared to non-mothers. This 

complements Brunns (2019) who finds evidence of sorting with women self-selecting into less-

productive, low-wage firms and that childbirth is an important driver of these patterns. We also 

have available a variable that measures the value added in the firm, and we hypothesize that 

individuals who seek employment in firms with high and low value added differ. 4 

 

Here, we use ROA as a proxy and hypothesise that the ROA might be a source of heterogeneity. 

Figure 5 shows the estimated child penalties conditional on the size of pre-birth ROA in the firm. 

We use two measures of ROA – firms with above/below median ROA (see appendix A.2.2) and in 

Figure 5, firms with top 10% and bottom 10% ROA, to isolate extremes. We note that the 

estimated child penalties are similar for the individuals employed in firms with high ROA and 

firms with low ROA. If there is any difference, the estimated child penalty is slightly smaller for 

firms with low ROA. 

 

A firm’s ROA most likely depends on the business cycle, and to test the sensitivity of the estimated 

child penalties, we create alternative subsamples which account for the business cycle by using 

the median in each year as the relevant threshold (available on request). We find that the 

estimated long-run child penalties are insensitive to the alternative splitting that accounts for 

fluctuations in the business cycle, as the threshold change does not alter the estimated child 

penalties by much. 

 
 
 
 
 
 
 
 
 
 

 
4 Economic value added and ROA are different measures. Value added measures the 
generated value from investments and accounts for the cost of capital, while ROA measures 
the efficiency of a firm’s assets to generate profits. Therefore, value added might provide a 
more detailed description of a firm’s value creation (Harrison Jr. et al., 2014). 
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Figure 5: Child penalties in earnings, by the firm’s financial efficiency 

 

Notes: The figure shows the impact of children on earnings conditional on information about the 
size of a firm’s ROA at t = −1. High ROA is defined as firms with top 10% ROA, while low ROA are 
defined as firms with bottom 10% ROA. In addition to the sample restrictions in Table 2, we 
condition on available accounting information. The vertical line indicates the birth of the first child, 
and the reported medium-run and long-run child penalties are measured in t = 5 and t = 10, 
respectively by Equation 2. Similar to Kleven et al. (2019b), we construct 99% confidence bands 
using robust estimates of the standard errors. 

  

Turning to other firm-specific differences, Casarico and Lattanzio (2023) has shown, using Italian 

data, that the child penalty is higher in firms with a high share of women. To investigate this 

hypothesis in a Danish context, we exploit the information about the share of women at the firm 

level and construct a variable that indicates whether a majority of the employees in a firm are 

female or male. Figure 6 shows the gender-specific impact of children on the two subsamples, and 

we estimate a positive relationship between the long-run child penalty and the share of women, 

similar to Casarico and Lattanzio (2023). The long-run (and medium-run) child penalty for 

individuals employed in firms with a majority of male employees is around 18%, and the long-run 

child penalty for individuals employed in firms with a majority of female employees is 25.5%, while 

the medium-run penalty is 23.3% 
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Figure 6: Child penalties in earnings, by the share of female employees 

Notes: The figure shows the impact of children on earnings conditional on female representation in the 
firm at t = −1. High female representation is defined as a majority of women. In addition to the sample 
restrictions in Table 2, we condition on available information about female representation. The vertical 
line indicates the birth of the first child, and the reported medium-run and long-run child penalties are 
measured in t = 5 and t = 10, respectively by Equation 2. Similar to Kleven et al. (2019b), we construct 
99% confidence bands using robust estimates of the standard errors. 

 

To investigate the sensitivity of the results presented in Figure 6, we explore two additional 

divisions of subgroups to investigate the relationship between the share of female employees and 

the child penalty further. First, we inspect the child penalty for a more detailed division of the 

share of females, 0% − 25%, 26% − 50%, 51% − 75%, 76% − 100%, respectively. Second, we 

hypothesise that not only does the female representation matter for the child penalty, but also the 

female representation at each employment level. The results for the first hypothesis reveal a 

concave relationship between the share of female employees and the estimated child penalties 

ranging from 15% for individuals in firms with less than 25% female employees to 18% for firms 

with more than 75% female employees (available on request). We also find significantly higher 

penalties when interacting female share with employment level. Thus, the results from Figure 6 

fail to capture the heterogeneity across the distribution of female representation. 
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Consequently, our results indicate that both the share of women in similar positions and share of 

women in the firm overall are sources of heterogeneity in the child penalty. Again, this is not 

necessarily a causal effect of the representation of women and the revealed patterns might simply 

arise from selection into specific firms. Nevertheless, the share of women at each employment level 

reveals a source of heterogeneity in child penalties, but the effect is sensitive to the definition of 

female representation. 

 

5.5 Heterogeneity by education level 

We now turn to individual characteristics and investigate whether there is heterogeneity in the child 

penalty depending on the individual’s education level. As mentioned earlier, child penalties have 

been found to be higher for the college educated compared to women with no college diploma 

(Anderson et al., 2002). This is because the costs of temporarily exiting the labour market are higher 

for the highly educated because of the higher return they obtain on their human capital investments. 

Because of assortative mating, highly educated women are often married to highly educated (and 

high wage) men, meaning that family income may not necessarily suffer much if highly educated 

women exit the labour market following childbirth. However, this may not be fully internalized as 

Kuziemko et al. (2018) show evidence that highly educated women may underestimate the costs of 

motherhood. Thus, we may expect higher penalties for highly educated women, but as the evidence 

from Figure 7 shows, the long-run child penalty does not vary substantially with education. 

However, as mentioned earlier, the pretrends cannot be compared in panels A and B so we cannot 

conclude that we have identified a child penalty in these two cases. In the other cases, except for 

panel D (short-cycle higher education) and, to some extent, panel C (Vocational education), 

pretrends are not the same either, but as argued earlier, the reversal in the female trend in these 

cases may be more amenable to a causal effect interpretation as the female trend was growing faster 

than the male trend pre childbirth.     
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Figure 7: Child penalties in earnings, by education level 

 

Notes: The figure shows the impact of children on earnings conditional on the parent’s highest 
education obtained in the firm at t = −1. The vertical line indicates the birth of the first child, 
and the reported medium-run and long-run child penalties are measured in t = 5 and t = 10, 
respectively by Equation 2. Similar to Kleven et al. (2019b), we construct 99% confidence 
bands using robust estimates of the standard error5.6 
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5.6 Heterogeneity by intrahousehold dynamics 

Another individual dimension that can affect the child penalty is how individuals interact in a 

household, i.e., intrahousehold dynamics, which can provide information on gender roles, decision-

making, and the division of responsibilities between the mother and father within a household. We 

examine whether there is heterogeneity in the child penalty across indicators of intrahousehold 

dynamics. To do this, we aim to examine the heterogeneity across different opportunity cost dynamics 

within a household. 

 

As discussed in Section 2, the household decisions regarding the allocation of time between the labour 

market and home production depend on various factors, e.g., opportunity costs and gender norms. 

Household decision-making models explain this by incorporating the role of gender norms and 

specialisation. Empirical evidence using American and Norwegian data suggests that comparative 

advantage in the labour market or home production cannot fully explain the child penalties in 

earnings, indicating a potential role of gender norms (Cortés and Pan, 2020; Andresen and Nix, 2022). 

Gender norms are captured here via the relative wage income earned by each partner. When the 

mother’s share exceeds 50%, this may indicate a more egalitarian gender norm operating within the 

household (Bittman et al., 2003; Bertrand et al., 2015).    

 

We estimate the long-run child penalty for two subsamples conditional on whether the partner (mother 

or father) earns more than 50% of the total wage income of both partners within the household. The 

results of the estimation are displayed in Figure 8. Here, for the first time, we see a considerable 

difference in the size of the penalty between the two groups. For the sample of mothers and fathers 

who earn more than 50% of total wage income, the long-run and medium-run child penalties are equal 

to 11.9% and 13.21%. This is significantly lower than the population average. For the sample of 

mothers and fathers who earn less than 50% of household income, the corresponding child penalties 

are 36.8% and 33.3% in the long run and medium run, respectively. Note that while the pretrend is 

the same for the first group, for the second group the pretrends are both rising with the female trend 

rising faster than the male trend, but they are not the same. However, appealing to the same argument 

that the female trend reverses after birth, we can cautiously interpret the difference in effects as a 

child penalty. Therefore, our analysis supports the finding that there is heterogeneity in the child 

penalty based on the relative wage income before birth, which proxies for the within-household gender 

norm. However, it is important to point out again that we cannot identify a causal relationship between 

the prebirth relative wage income and child penalties. Mothers who earn a larger proportion of total 

wage income may differ in preferences or job types compared to mothers who earn less than their 

partners. This potential source of selection limits our ability to draw causal conclusions. 
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Figure 8: Child penalties in earnings conditional on relative wage income  

 

Notes: The figure shows the impact of children on earnings conditional on earning a higher/lower 
share of household wage income than one’s partner, i.e., we divide our sample into two subsamples 
based on the individual’s share of the household wage income being >/<= 50%. In addition to the 
sample restrictions in Table 2, we condition on available leave information for both parents. The 
vertical line indicates the birth of the first child, and the reported medium-run and long-run child 
penalties are measured in t = 5 and t = 10, respectively by Equation 2. Similar to Kleven et al. 
(2019b), we construct 99% confidence bands using robust estimates of the standard errors.  

 

The child penalties in Figures 1-8 and in Appendix A2 are computed at t = 5 (medium run) and at t 

= 10 (long run), i.e., two specific event dates. To align the event study findings with those from the 

machine learning part in which we look at the change between t = −1 and t = 5, in Tables 3-5 we 

show average penalties calculated over these two time periods, from −1 to 5 in the first column and 

from −5 to 10 in the second column. 

 

Averaging penalties from t = −1 to t = 5, and from t = −5 to t = 10, respectively, do not give very 

different results from those calculated at t = 5 or t = 10 (Figure 1). In both cases, the penalties 

associated with the main labour market outcomes are substantial, do get smaller over time, but not 

by much. 
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Table 3. Medium-run and long-run child penalties in 

main labour market outcomes; mean and 95% CI 

Outcome Medium-run 

child penalty 

t = −1 to t = 5 

Long-run child 

penalty 

t = −5 to t = 10 

Earnings 

 

0.198 

(0.127-0.269) 

0.155 

(0.103, 0.207) 

Hours worked 

 

0.107 

(0.058, 0.156) 

0.084 

(0.059, 0.108) 

Participation 0.088 

(0.059, 0.118) 

0.062 

(0.033, 0.091) 

Wage rate 0.067 

(0.036, 0.098) 

0.055 

(0.018, 0.092) 

 

In Tables 4-5 we present the heterogeneity uncovered by the hypothesized subgroup method for all 

the variables we consider, again considering between the two event intervals, medium  run and long 

run. It can be easily seen from these tables that penalties do not differ much between these two 

periods. Medium-run penalties are larger in size, but convergence over time is slow.  Of course, we 

treat fertility as exogenous here, and more recent studies that instrument fertility (e.g. using 

successful IVF interventions) find convergence in the long-run penalty (Lundborg et al., 2024). 

 

Although the figures showed evidence of some degree of heterogeneity across the many dimensions 

studied, at the 95% level of confidence, the only significant factor that generates heterogeneity in 

the child penalty in the hypothesized subgroup analysis is the prebirth relative wage income, which 

is associated with significant heterogeneity in the long-run child penalty.  
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Table 4: Heterogeneity in medium-run and long-run child penalties, by hypothesized 

subgroups; industry, sector, and firm characteristics; mean and 95% confidence intervals 

Subgroup Medium-run child penalty,  

t = −1 to t = 5 

Long-run child penalty, 

t = −5 to t = 10 

Industry   

Agric., forestry, fishing & raw mat. 0.255 (0.168, 0.341) 0.211 (0.142, 0.279) 

Chemical 0.165 (0.107, 0.223) 0.128 (0.087, 0.170) 

Manufacturing, utilities & construc. 0.221 (0.145, 0.297) 0.191 (0.127, 0.255) 

Trade 0.232 (0.151, 0.312) 0.173 (0.104, 0.243) 

Transport 

Finance 

Business Services 

Public Sector 

0.189 (0.121, 0.257) 

0.147 (0.091, 0.203) 

0.230 (0.151, 0.309) 

0.196 (0.125, 0.267) 

0.153 (0.095, 0.211) 

0.119 (0.080, 0.158) 

0.183 (0.100, 0.265) 

0.175 (0.123, 0.226) 

Other 0.231 (0.149, 0.313) 0.196 (0.128, 0.263) 

Public sector division 

Education 

Health 

 

0.228 (0.144, 0.312) 

0.198 (0.127, 0.269) 

 

0.211 (0.145, 0.277) 

0.172 (0.117, 0.227)  

Public Administration 0.137 (0.084, 0.190) 0.137 (0.105, 0.169) 

Employment level   

Base-level 0.186 (0.116, 0.255) 0.135 (0.085, 0.184)  

Mid-level 0.209 (0.134, 0.285) 0.170 (0.098, 0.242) 

Top-level 0.145 (0.092, 0.199) 0.132 (0.092, 0.171) 

Management 0.144 (0.093, 0.196) 0.106 (0.067, 0.145) 

Firm’s financial efficiency   

Firms with top 10% ROA 0.267 (0.176, 0.358) 0.215 (0.133, 0.298) 

Firms with bottom 10% ROA 0.217 (0.142, 0.292) 0.162 (0.093, 0.232) 

Firm’s financial efficiency   

Firms with higher than median ROA 0.207 (0.135, 0.279) 0.153 (0.091, 0.215) 

Firms with lower than median ROA 0.193 (0.124, 0.261) 0.139 (0.083, 0.195) 

Firm’s net income   

Firms with high net income 0.175 (0.113, 0.236) 0.127 (0.074, 0.179) 

Firms with low net income 0.234 (0.153, 0.315) 0.172 (0.103, 0.241) 

Share of female employees   

Female majority among employees 0.204 (0.131, 0.276)  0.163 (0.104, 0.222) 

Male majority among employees 0.175 (0.113, 0.237) 0.133 (0.087, 0.179) 

Significant difference in bold
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Table 5: Heterogeneity in medium-run and long-run child penalties, by hypothesized 

subgroups; individual characteristics, intrahousehold allocation, and region; mean and 

95% confidence intervals 

Subgroup Medium run child penalty, 

t = −1 to t = 5 

Long run child penalty 

t = −5 to  t = 10 

Age   

Above 30 years 0.164 (0.105, 0.224) 0.129 (0.084, 0.175) 

Below 30 years 0.213 (0.135, 0.291) 0.148 (0.094, 0.201) 

Education   

Primary and lower secondary school 0.297 (0.190, 0.405) 0.194 (0.102, 0.285) 

Upper secondary school 0.250 (0.158, 0.342) 0.163 (0.083, 0.243) 

Vocational education 0.202 (0.129, 0.275) 0.156 (0.104, 0.208) 

Short-cycle higher education 0.206 (0.133, 0.278) 0.168 (0.105, 0.232) 

Medium-cycle higher education 0.213 (0.135, 0.290) 0.192 (0.135, 0.250) 

Long-cycle higher education including PhD 0.155 (0.010, 0.211) 0.147 (0.105, 0.188) 

Relative wage income   

  Higher than partner 0.145 (0.088, 0.201) 0.091 (0.045, 0.137) 

Identical or lower than partner 0.275 (0.180, 0.371) 0.252 (0.185, 0.319) 

Region   

Bornholm 0.203 (0.127, 0.279) 0.152 (0.108, 0.196) 

Copenhagen 0.206 (0.131, 0.280) 0.160 (0.102, 0.218) 

Funen 0.208 (0.134, 0.282) 0.168 (0.112, 0.224) 

Urban area of Copenhagen 0.185 (0.118, 0.252) 0.142 (0.094, 0.190) 

Northern Jutland 0.203 (0.131, 0.275) 0.164 (0.111, 0.216) 

North Zealand 0.169 (0.107, 0.230) 0.130 (0.090, 0.170) 

South Jutland 0.206 (0.133, 0.279) 0.167 (0.113, 0.222) 

West and South Zealand 0.202 (0.131, 0.273) 0.163 (0.111, 0.216) 

West Jutland 0.194 (0.125, 0.263) 0.161 (0.113, 0.209) 

Eastern Jutland 0.220 (0.142, 0.300) 0.174 (0.114, 0.234) 

Eastern Zealand 0.183 (0.117, 0.249) 0.147 (0.097, 0.198) 

Significant difference in bold 

 

In the next section we apply the causal forest algorithm to search for heterogeneity in the child 

penalty within the same data setup. It is possible that the machine learning framework can find 

additional sources of heterogeneity which were not hypothesized from the outset as being potentially 

important, for instance by taking into account interactions and trying different threshold levels.  
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6 Heterogeneity in the impact of children - causal forest  

Given that the hypothesized subgroup analysis showed significant heterogeneity in the child 

penalty in at least one factor as summarized in Tables 4 and 5, we now perform a similar 

exercise using a machine learning algorithm applying the causal forest approach (Athey and 

Wager, 2019). While the hypothesized subgroups presented in the previous section allowed 

us to concentrate on specific characteristics one at a time, the causal forest allows us to study 

how different characteristics interact when considered all together. The causal forest 

approach allows for testing for thresholds/non-linearities that the researcher could not have 

envisioned beforehand and without running into multiple hypothesis testing issues. 

The causal forest method extends tree-based machine learning procedures for the purpose of 

predicting treatment heterogeneity. A regression tree is built up by calculating mean outcome 

in each “leaf”, where a leaf is selected by grouping together observations which have similar 

values of a covariate, X. To identify similar values, the tree splits the data at some threshold 

value of X, sending observations which have x<X to the left, and observations with values x>X 

to the right. Further splits are made until some stopping criterion is reached and the final 

prediction of Y made (see Davis and Heller, 2017). In regression trees, the split is chosen to 

minimize the mean squared error within the sample, while in the causal trees the criterion is 

to prioritize heterogeneity and penalize high variance in leaf estimates. Because the single-

tree method can generate an unstable and high variance prediction, the causal forest method 

averages over many trees to generate a smooth and stable prediction.  

We estimate the honest causal forest using the causal forest package in R created by 

Tibshirani et al. (2022), see Causal forest — causal_forest • grf (grf-labs.github.io). As in 

Athey and Wagner (2019), we follow a two-step procedure suggested by Basu et al. (2018) for 

obtaining greater precision. In the first step we estimate a pilot forest on all the available 

features, while in the second step we only retrieve the features that showed a reasonable 

number of splits (based on variable importance) and use them to train the final causal forest.  

We apply the defaults, and grow 2000 trees in the forest, randomly using half the sample for 

building each tree and applying half of this again for determining splits and the other half for 

prediction. Since we apply honest splitting, each estimation sample tree is pruned so that no 

leaves remain empty.  See Appendix A6 for the chosen parameter settings.  

https://grf-labs.github.io/grf/reference/causal_forest.html
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All categorical variables are converted to 0/1 dummies. Some categories are less frequently 

observed for some variables in our sample. For example, we observe few women in 

management positions and in the agriculture, forestry, fishing and raw materials industry. 

To address any problems that may arise due to there being too few observations, we redefine 

our industry dummies at a more aggregate level resulting in new industry dummies. 

 

First, we define a primary, building, and construction category which covers agriculture, 

forestry, fishing, raw materials, utilities, and construction industries. Next, we keep the 

manufacturing industry as described in Table 4 but combine the trade and transport 

industries. Then, we keep the large industry consisting of public administration, health, and 

education industries. Lastly, we collect the finance and business services industries into one 

category. We include these broader categories and the more detailed industry categories from 

Table 4 in our sample. Likewise, we define broader educational categories, i.e., low 

educational level, vocational education, and high educational level. We define high 

educational level as medium-cycle or long-cycle higher education, including PhD level. 

Further, low educational level is defined as the residual educational categories from Table 5 

excluding vocational education.  

 

 

6.1   Omnibus test 

As a first test of the presence of treatment heterogeneity, we present the results of the 

Omnibus test of calibration of the forest, which is essentially a test of the goodness of fit of 

the forest (see e.g. Chernozhukov et al., 2020). As regressors, it uses the best linear fit of the 

forest predictions on the held-out data and the mean forest prediction5. Standard errors 

reported are one-sided and are heteroskedasticity-robust.  The test yields the estimates of the 

mean forest prediction and the differential forest prediction from this regression. A value 

equal to 1 for the mean forest prediction means that the prediction is ‘correct’. A value equal 

to 1 for the differential forest prediction means that the heterogeneity of the forest estimates 

is well captured. Also, as long the differential forest prediction coefficient is significantly 

greater than zero as indicated by its p-value, we can reject the null hypothesis of no treatment 

heterogeneity.  
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Table 6: Omnibus test of the causal forest estimation 

Variable Estimate Standard error T-value Prob>t 

Mean forest 

Prediction 

1.185600 0.287224 4.1278 1.832e−05*** 

Differential 

forest prediction 

0.864422 0.077059 11.2177 2.2e−16*** 

Note: Best linear fit which uses as regressors the forest prediction on held-out data and mean 
forest prediction and reports the one-sided heteroskedasticity robust standard errors 
(jackknife covariance type HC3). P-values are shown for H0: Estimate = 0, Ha: Estimate>0. 

 

 

The results reveal that the mean prediction is no different from 1 (mean forest prediction 

estimate = 1.186, CI = [0.623, 1.749]). Heterogeneity estimates captured by the differential 

forest prediction appear well-calibrated, too, since the estimated coefficient is close to 1, CI = 

[0.713, 1.015] showing evidence of treatment heterogeneity.  

 

Some of our variables contain many missing values, e.g., the firm financial variables. Missing 

values in the covariates is in general not a problem for the grf algorithm, except that by default 

missing values are sent to the left of a given threshold. Therefore, in cases where there are 

many missing values, we should use caution when making interpretations. Another aspect 

to remember is that we only estimate the numerator of equation (1) in Section 3, and not the 

child penalty, which is equation (1) scaled by the counterfactual level of female earnings, i.e., 

the predicted earnings of females minus the event-specific coefficients, which measures what 

females would have earned had they not had children in any year t.  

 

 

6.2 Variable importance                                                                                                                

Variable importance shows how many times a variable in the covariate set is selected in the  

causal forest estimation. While it is tempting to conclude that the variable which is chosen 

most often is the most important one, Javier et al. (2023) argue that splitting on a variable 

does not imply that the variable is important in the data generating process. The same 

 
5 See Omnibus evaluation of the quality of the random forest estimates via calibration. — 
test_calibration • grf (grf-labs.github.io). We started by giving the forest all 114 features but 
this yielded a mean forest prediction > 1, which indicated to us a problem with calibration 
due to overfitting/excessive complexity. Therefore, following Athey and Wager (2019), we 
trained a pilot forest on all the features and then selected only those features that gave a 
reasonable number of splits for the main forest estimation.  

 

https://grf-labs.github.io/grf/reference/test_calibration.html
https://grf-labs.github.io/grf/reference/test_calibration.html
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argument is made by Athey and Wager (2021), who argue that, in the case of high 

correlation between two or more variables, the algorithm splits on one of the variables 

without regard to economic theory. Consequently, if the algorithm does not split on a 

variable, it does not necessarily imply that the variable is not important for the 

heterogeneity in child penalties, as there may be several ways to construct similar 

subgroups using other splitting variables.  

 

Because the causal forest averages across many trees, this may mitigate the problem 

somewhat. Furthermore, there is no evidence of strong correlation between variables in our 

setup. Appendix A3 Figure A.3.1 shows correlations between all the variables used in the 

causal forest estimation. The darker the colour, the greater the strength of the correlation. 

The only noteworthy correlations are that some of the firm financial variables appear to be 

somewhat positively correlated with each other. The grey boxes indicate undefined 

correlations. For instance, the industry categories are naturally mutually exclusive and thus, 

by definition, are uncorrelated.  

 

In Appendix A5, we show variable importance for all 24 features in the forest, selected from 

the pilot analysis. In Figure 9 we graphically show variable importance for features with 

variable importance > 0.1. The variable with the greatest importance for treatment 

heterogeneity is mother’s relative wage income, with importance equal to nearly 70%.  

 

Table 7 shows numerically variable importance for features with importance > 0.1. Other 

than mother’s relative wage income, these include employment in the manufacturing, utilities 

and construction industry, share of employees at base level within the firm, female 

representation at the base level within the firm, worker experience, being employed in the 

primary, building and construction industry and firm revenue.   

 

One issue with the machine learning algorithm is that it gathers more information from 

continuous variables in the covariate set as opposed to discrete or binary variables. Thus, if 

relative wage income appears to be important, it may be because it is a continuous variable. 

Another issue is that in the case of many missing values the algorithm by default chooses to 

go left, rendering interpretation of the finding difficult. Variables with high shares of missing 

values are the firm financial variables such as ROE, ROA, balance, equity, net income and 

revenue growth. We correlate the original variable importance measure and the variable 

importance measure residualized for both continuous/discrete variable type and percentage 

missings and find a correlation of 0.981 between the two.  Thus, it is unlikely that either the 

nature of the variable (discrete/continuous) or missing values are driving the findings.
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Figure 9. Variable importance for selected features 
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Table 7: Variable importance for features 

with importance > 0.1 

Variable Importance % 

Mother’s relative wage 

income 

0.695 

Manufacturing, utilities 

and construction 

industry 

0.138 

Share employees at 

base level 

0.015 

Female representation 

at base level 

0.014 

Experience 0.013 

Primary, building and 

construction industry 

0.011 

Firm tenure 0.010 

Total 0.895 

 

 

 

 

6.3 CATE distribution 

The CATE or conditional average treatment effect is the estimate of 𝜏𝜏 from equation (5) in the 

Methodology section and is the equivalent of the estimated child penalty in the conventional 

analysis. The difference between this and the child penalty is that, here, we do not scale by 

counterfactual income. In Figure 11, distributions of CATE are shown for each decile, where 

we subdivide each decile into sub-deciles for clarity. 
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CATE means ranges from −12,000,000 DKK at the bottom to +15,000,000 DKK at the top, see 

Figure 11. Recall that this is the estimate of the gender difference in earnings between t = −1 

and t = 5. The CATE turns positive from the mid-5th decile and on. Nearly all estimates are 

significant, although noisy at the very bottom and at the very top, most likely due to a paucity 

of observations at these two extremes in the distribution. Taking the average of 5th and 6th 

deciles, the mean estimated CATE is a 126713 DKK shortfall between men and women over 

the 6-year interval, as a result of first childbirth. In the conventional analysis we found a 

medium run child penalty in earnings equal to 19.8% between t = −1 and t = 5 (see Table 3). 

Dividing the 126713 DKK by, respectively, the sample average father’s and mother’s total 

earnings over the 6-year period (approximately 2,201,324 DKK and 1,572,361 DKK) gives a 

penalty bounded between 6% and 8%. This is somewhat lower than the penalty from the event 

study analysis but closer to more recent child penalty estimates found in Bensnes et al. (2023) 

and Lundborg et al. (2024), who account for non-randomness in fertility choice and timing. 

Recall that the child penalty in the event study analysis is scaled by the mother’s 

counterfactual income, had she not had children. As we have not modified the algorithm in 

causal forest to estimate the counterfactual maternal income, we provide instead bounds on 

the child penalty in a pragmatic way here, by assuming that the counterfactual income for 

mothers, had they not had children, is bounded by the observed income of mothers and the 

observed income of fathers.      

 

We also compare CATE estimation to the AIPW or Augmented Inverse-Probably Weighted 

estimation method, which is doubly robust and models the propensity to be treated together 

with the outcome equation. It does so by first estimating propensity scores, which are derived 

by predicting treatment (in our case, male*t = 5) from the X covariate vector. However, AIPW 

also uses another set of information, which is the counterfactual outcome predicted from X 

and, thus, it is able to predict the treatment effect based on X. Combining these two 

approaches, AIPW uses the propensity scores from the first step to weigh the outcomes under 

treatment and control from the second step, thereby making it possible to derive a weighted 

average outcome. This is shown in Figure 12. Since CATE estimates do not differ much from 

AIPW estimates, this reassures us that our CATE estimates are free from model 

misspecification. 

 



 

 

Figure 11. CATE distributions, per decile and subdecile 
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Figure 12: CATE estimates vs. AIPW estimates 
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6.4 CATE distribution by features 

We show the deciles of the distribution of the conditional average treatment effect (CATE)  

obtained from the causal forest estimation over each of the features in our data by way of 

heat maps. The covariates include characteristics of parents (experience, municipality type, 

employment, mother’s relative wage income etc.), characteristics of firms, industries, 

employee shares and female representation at various levels. In Figure 12, we show the CATE 

distribution over individual background characteristics and firm characteristics. The 

heterogeneity analysis by other relevant features is shown in Appendix Figures A.4.1-A.4.2.   

 

 

Figure 12: CATE distribution by parents’ experience, firm financial variables, share of 

employees and female representation and mother’s relative wage income 
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It is clear from Figure 12 that both in the first decile of the CATE and in the 10th (topmost) 

decile, mother’s relative wage income is at least 0.5 times higher and lower, respectively, than 

the average relative wage income. This means that mothers with high (low) relative wage 

income are associated with a lower (higher) child penalty. This is by far the strongest effect 

among the individual background characteristics and firm characteristics. Other interesting 

results from the heat maps can be seen in Appendix A4. From Figure A.4.1, it can be seen 

that among the firm financial variables, firm revenue is 0.3 times higher than average at the 

top decile of the CATE distribution. Thus, high revenue firms seem to be associated with 

higher child penalties. When it comes to firm net income, equity and balance, however, results 

are more ambiguous, as firms with higher-than-average values in these characteristics are 

represented both at the top and the bottom of the CATE distribution. From Figure A.4.2 we 

can see that firms more likely to be located in Primary, building and construction and in 

Manufacturing, utilities and construction are overrepresented in the 4th decile of CATE, i.e., 

having relatively lower penalties.  

 

Thus, in a similar fashion to the conventional analysis, mother’s relative wage income is found 

to be a factor generating heterogeneity in estimated penalties. However, using causal forest 

methodology we also find that certain firm financial variables and industry types tend to be 

associated with higher or lower penalties. Of course, we cannot scale the estimated CATE by 

the mother’s counterfactual level of income in the causal forest algorithm. This may of course 

lead to some difference in the findings compared to the hypothesized subgroups analysis. We 

find the median estimated medium-run penalty (earnings difference) between mothers and 

fathers to be around 127,000 DKK, which when scaled by the average mother’s and father’s 

incomes over the 6-year period (rough bounds on the mother’s counterfactual income)  yields 

a child penalty of between 6% and 8%, which is significantly lower than what is found in the 

conventional analysis (19.8%).   
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7 Discussion and conclusion 
The aim of the paper was to investigate sources of heterogeneity in the child penalty. We did 

this using two independent approaches. First, the hypothesized subgroups approach allowed 

focusing on specific characteristics one at a time, which we surmised at the outset would be 

a relevant source of heterogeneity. Second, the causal forest approach allowed us to analyse 

the child penalty conditional on multiple different characteristics in combination with each 

other. The two approaches, while not being causal, provide independent sources of empirical 

evidence that can complement each other in achieving a better understanding of the child 

penalty. Clearly, there can be multiple sources of potential bias due to selection into length 

of education, type of industry and firm and workplace type. However, in the absence of a 

randomized setup or exogenous variation we rely on a conditional independence assumption 

to identify heterogeneous treatment effects.  

In the conventional analysis, we investigate differences in child penalties across individual, 

labour market, industry and firm-specific characteristics such as financial indicators but find 

little evidence of heterogeneity in any of these dimensions. The only significant dimension of 

heterogeneity we find is by the pre-childbirth division of household income. I.e., the child 

penalty is found to be substantially lower when the individual’s relative income is higher than 

their partner’s. 

 

In the machine-led analysis we also find that mother’s relative wage income is an important 

source of heterogeneity. However, we also uncover heterogeneity by industry and a few firm-

level characteristics. Since both methods - conventional and machine-driven - agree that the 

relative contribution to household income is an important source of heterogeneity in the child 

penalty, this indicates to us the robustness of this finding. Assuming exogeneity, this can 

indicate the importance of gender norms within the household for the child penalty in 

Denmark.  

 

We do not have any other measure of gender norms and commitment to egalitarian principles 

in the register data, although we note that the effect of prebirth relative wage income arises 

even after parents’ experience and education measured pre-birth is included in the covariate 

set. Thus, this finding can imply that gender norms regarding time allocation and 

specialization in market work vs. housework could be the source of heterogeneity in the child 

penalty and, thus, of the remaining gender inequality in earnings in Denmark. This aligns 

well with existing literature in the field of gender inequality who also point to the transmission 

of norms over generations (Kleven et al., 2019b; Kleven et al., 2022a; and Datta Gupta et al., 
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2023). Also, Andresen and Nix (2022) point to gender norms as a persistent driver of the child 

penalty within same-sex couples. Correspondingly, Blau and Kahn (2017) also suggest gender 

roles and the gender division of labour as important factors in accounting for the gender wage 

gap.  

 

Recent literature has debated whether policy changes are at all needed when it comes to the 

child penalty if comparative advantage and specialization arising from differences in 

preferences and utility optimization underlie the child penalty and not necessarily a lack of 

possibilities, Kleven et al. (2019b).  Kleven et al. (2021) estimate the child penalty in reported 

life satisfaction. The authors find no significant difference in the gender-specific impact of 

children on life satisfaction between mothers and fathers after childbirth. Thus, female life 

satisfaction is somehow compensated even though the mothers are subject to stark changes 

in labour market outcomes compared to the fathers. On the other hand, using Austrian and 

Danish data and the event study framework, Ahammer et al. (2024) find that parenthood 

places a greater mental burden on mothers than fathers, leading to a long-term gap in 

antidepressant use.  

 

Bertrand (2002) argues that the generation of norms is a complex process - norms can be the 

outcome of sticky gendered stereotypes within the family and society about the relative skills 

and roles of women and men (i.e., “women are better at caregiving” etc.). In fact, Bertrand 

argues that gender norms can become self-fulfilling if they become internalized and determine 

gender stereotypical choices made with respect to education, family leave or work (Bertrand, 

The Richard T. Ely Lecture, 2020). This debate also feeds into the role of public policies 

targeting maternity and paternity leave. Empirical research from Austria by Kleven et al. 

(2022b), which we presented in Section 2, found that governmental interventions such as 

parental leave reforms and expansions of childcare had no significant effect on reducing the 

long-run child penalty. The authors even found a negative effect of parental leave reforms on 

the short-run child penalty. For instance, Sweden was one of the first countries to implement 

earmarked paternity leave, which led to a small dip in the earnings trajectories of men in the 

short run. However, the dip eventually levels off, and the effect of earmarked paternity leave 

disappears in the long run (Kleven et al., 2019a). Andresen and Nix (2022b) also find small 

and insignificant effects of paternity leave use on the child penalty in Norway. However, unlike 

in the Austrian case, they find that a large expansion of publicly provided childcare in Norway 

reduced the child penalty by 25%. Thus, there is still a case for universal childcare provision.   
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When it comes to paternity leave, Bertrand (2020) again argues that there is a role for public 

policy for enforcing counter-stereotypical behavior such as polices to encourage fathers to 

take more leave. She cites research from Japan and Saudi Arabia showing that the low takeup 

rate of men of such policies can either be due to too low a financial incentive or due to 

“plurastic ignorance” – i.e., even though the individual fathers may not prescribe to a gender-

stereotypical norm themselves, they may incorrectly believe that many others in society 

believe in the norm, and that they will be sanctioned if they depart from it (Miyajima and 

Yamaguchi, 2017; Bursztyn, González, and Yanagizawa-Drott, 2018). For Germany, 

Unterhofer and Wrohlich (2017) have analysed the impact on gender norms of the 

introduction of the German father quota in 2007. They found that the reform implied more 

gender equal norms in the grandparents’ generation. 

 

In countries like Denmark where maternity and paternity leave has been equalized since 

August 2022 and childcare is universal and subsidized, there may still be a role for other 

types of policies. First, flexible working arrangements and more inclusive workplace cultures 

could create a better setting for mothers to balance child and labour market responsibilities. 

This perspective is consistent with Goldin (2014), who argues that a reduction in gender 

differences must be driven by a development of features in the labour market, such as 

temporal flexibility. Indeed, our results also showed that certain firm and industry features 

generated heterogeneity in the child penalty. Second, pay transparency requiring firms to 

report statistics on gender pay gaps will help address pay disparities. This policy has been 

implemented in the European Union in March 2023 with the hope that it will discourage 

firms from maintaining a gender pay gap within the  organisation. Pay transparency can also 

strengthen women’s bargaining power, which has been found to be a significant part of the 

gender wage gap (Bruns, 2019; Card et al., 2016). Third, increased public awareness on the 

unequal wage consequences of having children can potentially improve the societal focus on 

gender gaps and gender inequality also along the career ladder and in leadership positions 

(Diversity Council Report, 2022). Finally, as argued by Bertrand (2020), public information 

policy can complement family policy combating “plurastic ignorance” when it comes to 

paternity leave by breaking down sticky gender stereotypes. 
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To our knowledge, this is the first paper to apply a causal machine learning method to study 

heterogeneity in the child penalty. Consequently, it contributes to the extensive and emerging 

literature on child penalties. The traditional method to investigate heterogeneity in the child 

penalty using the event-study approach is easy to use but is dependent on hypothesized 

subgrouping. In contrast, the machine learning method provides a data-driven approach to 

exploit a data setup with many covariates and flexibly uncover important features, even 

though it comes with some algorithmic limitations. Therefore, we suggest that future research 

investigates how to mitigate some of the limitations associated with utilizing this novel 

method. For instance, there is a need to alter the algorithm to account for differences in child 

penalties instead of what is estimated in the model, which is the absolute difference between 

the event-specific impacts of children for mothers and fathers. 

 

Overall, the results from both conventional and machine-driven methods indicate the 

existence of child penalties across various labour market characteristics in the medium run, 

although child penalties estimated conventionally appear substantially larger. This may 

indicate that the machine learning approach, by combining features flexibly, can better 

capture the effects of omitted variables compared to the conventional analysis. However, both 

methods are based on assumptions of unconfoundedness, particularly that the fertility 

decision is random. More recent studies that take the fertility decision into account find that 

child penalties do not persist in the long run. Combining event studies and causal machine 

learning with IVs or experimental data will overcome some of these limitations.       
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A. Appendix



 

A1. Descriptive Statistics 

Table A.1.1 Descriptive statistics of labour market & firm-specific variables 
 

Father Mother 
  Mean SD Count Missing (%) Mean  SD Count  Missing (%) 

Copenhagen firm 0.254 0.435 165539 11.191 0.249 0.433 160211 14.049 
Age of firm 19.754 20.201 156810 15.874 21.190 21.200 133967 28.129 
New firm 0.306 0.461 165539 11.191 0.406 0.491 160211 14.049 
Revenue  
(100t DKK) 

18657 78491 156810 15.874 16979 68638 133968 28.128 

Balance  
(100t DKK) 

24243 114524 119121 36.094 30811 106826 68249 63.386 

Equity  
(100t DKK) 

11376 64851 119121 36.094 14785 57930 68249 63.386 

Net income (100t DKK) 1845 11737 119121 36.094 2518 11805 68249 63.386 
ROA −11.080 1945.3 119085 36.113 −4.453 1286.7 68227 63.397 
ROE −21.528 2909.9 118993 36.162 −1.777 557.14 68160 63.433 
Revenue growth 2.657 295.55 120997 35.087 4.470 380.61 73706 60.458 
Share employees –  base level 42.245 30.532 154784 16.961 37.998 27.522 149073 20.025 
Share employees – mid level 16.696 20.545 154784 16.961 24.048 22.980 149073 20.025 
Share employees  top/mgmt.. level 16.930 23.424 154784 16.961 19.641 23.923 149073 20.025 
Share employees – other levels 23.776 27.080 154784 16.961 18.047 22.597 149073 20.025 
Female share – base level 35.470 33.195 154784 16.961 68.874 29.781 149073 20.025 
Female share – mid level 31.015 33.282 154784 16.961 58.225 38.168 149073 20.025 
Female share – top/mgmt.. level 17.668 25.182 154784 16.961 40.304 35.483 149073 20.025 
Female share – other levels 21.874 32.085 154784 16.961 41.110 39.379 149073 20.025 
Experience 8.065 5.278 186399 0.000 5.469 4.177 186399 0.000 
Firm tenure 3.140 2.769 165539 11.191 2.583 2.146 160211 14.049 

Notes: The sample is composed of mothers and fathers who had their first child between 2002-2010 and is subject to the sample selections 
described in Table 2. All variables are measured in t = −1. The share of missing includes unemployed individuals and non-participants in 
the labour market, e.g., due to studying or receiving social benefits. 
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Table A.1.2: Descriptive statistics of employment level of parents 

 Father Mother Total 
Base-level employment 36.685 34.251 35.468 
Mid-level employment 15.119 24.730 19.924 
Top-level employment 15.918 15.471 15.695 
Management 2.018 0.819 1.418 
Self-employed 5.043 1.455 3.249 
Unemployed 2.709 3.814 3.261 
Other 16.666 10.172 13.419 
Out of labour market 5.842 9.288 7.565 
Total 100.00 100.00 100.00 

 

 

Table A.1.3: Descriptive statistics of industry representation of parents 
 

Father Mother Total 
Agriculture, forest, and fishing industry 4.554 2.067 3.311 
Business services industry 12.940 9.478 11.209 
Chemical industry 10.670 4.282 7.476 
Finance, estate, and rental industry 4.284 4.003 4.143 
Manufacturing, utilities & construction industry 14.652 2.559 8.606 
Public administration incl. eduction & healthcare 13.798 35.249 24.523 
Trade industry 18.198 16.452 17.325 
Transport industry 5.538 3.080 4.309 
Other industries 3.888 8.379 6.134 
Missing 11.478 14.451 12.964 
Total 100.00 100.00 100.00 

 

 

Table A.1.4: Descriptive statistics of individual background characteristics of parents 
 

Father Mother 
  Mean SD Count Missing 

(%) 
Mean SD Count Missing 

(%) 
Age 29.730 4.507 186399 0.000 27.792 4.202 186399 0.000 
Married 0.299 0.458 186399 0.000 0.299 0.458 186399 0.000 
Single 0.123 0.329 186399 0.000 0.123 0.328 186399 0.000 
Cohabiting 0.575 0.494 186399 0.000 0.576 0.494 186399 0.000 
Relative wage 
income  0.542 0.109 156843 15.856 0.458 0.109 156843 15.856 
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Table A.1.5: Descriptive statistics of parents’ educational categories 

  Father Mother Total 
Long-cycle higher education incl. PhD 11.803 11.024 11.413 
Medium-cycle higher education 14.335 26.496 20.416 
Short-cycle higher education 7.333 5.692 14.969 
Upper secondary 10.083 13.683 11.883 
Vocational education 40.374 29.241 34.807 
Primary and lower secondary school 16.073 13.865 14.969 
Total 100 100 100 

 

 

Table A.1.6: Descriptive statistics of area of residence of parents 

  Father Mother Total 
Bornholm 0.413 0.403 0.408 
Copenhagen 21.706 21.894 21.800 
Funen 8.105 8.082 8.093 
The Copenhagen Area 7.740 7.758 7.749 
North Jutland 9.651 9.622 9.637 
North Zealand 5.574 5.520 5.547 
South Jutland 11.701 11.704 11.703 
West and South Zealand 8.113 8.048 8.080 
West Jutland 7.277 7.255 7.266 
East Jutland 16.152 16.179 16.166 
East Zealand 3.565 3.533 3.549 
Missing 0.003 0.001 0.002 
Total 100 100 100 

 
 
 
 

Table A:1.7: Descriptive statistics of municipality of residence of parents 

  Father Mother Total 
Capital municipality 32.473 32.648 32.561 
Commuter municipality 13.077 12.868 12.972 
Metropolitan municipality 15.846 15.943 15.894 
Provincial municipality 21.808 21.835 21.822 
Rural municipality 16.792 16.706 16.749 
Missing 0.004 0.001 0.002 
Total 100.00 100.00 100.00 
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A2. Hypothesized subgroup analysis – other features 

 

 

 

Figure A.2.1: Child penalties in earnings. By the firm’s net income 

 

 

Notes: The figure shows the impact of children on earnings conditional on the size of the firm’s net 
income at t = −1. We divide our sample into two subsamples based on net income. We define high net 
income as net income above the median and low net income as net income below the median. In 
addition to the sample restrictions in Table 2, we condition on available accounting information. The 
vertical line indicates the birth of the first child and the reported medium-run and long-run child 
penalties are measured in t = 5 and t = 10, respectively by Equation 2. Similar to Kleven et al. (2019b) 
we construct 99% confidence bands using robust estimates of the standard errors.  
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Figure A.2.2. Child penalties in earnings. By above/below median ROA 

 

Notes: The figure shows the impact of children on earnings conditional on the firm being above/below 
median ROA at t = −1. We divide our sample into two subsamples based on ROA. We define high return 
on assets as ROA above the median and low return on assets as ROA below the median. In addition to 
the sample restrictions in Table 2, we condition on available accounting information. The vertical line 
indicates the birth of the first child and the reported medium-run and long-run child penalties are 
measured in t = 5 and t = 10, respectively by Equation 2. Similar to Kleven et al. (2019b) we construct 
99% confidence bands using robust estimates of the standard errors.  
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Figure A.2.3: Child penalties in earnings. By area of residence 

 

Notes: The figure shows the impact of children on earnings conditional on area of residence at t = 1. In 
addition to the sample restrictions in Table 1, we condition on available area of residence information. 
The vertical line indicates the birth of the first child. And the reported medium-run and long-run child 
penalties are measured in t = 5 and t = 10, respectively by Equation 2. Similar to Kleven et al. (2019b) 
we construct 99% confidence bands using robust estimates of the standard errors. 
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Figure A.2.4: Child penalties in earnings conditional on age 

 

Notes: The figure shows the impact of children on earnings conditional on age at t = 0. i.e.. we divide 
our sample into two subsamples based on age of the parents. The sample is subject to the sample 
restrictions in Table 2. The vertical line indicates the birth of the first child. And the reported medium-
run and long-run child penalties are measured in t = 5 and t = 10, respectively by Equation 2. Similar 
to Kleven et al. (2019b) we construct 99% confidence bands using robust estimates of the standard 
errors. 
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A3. Feature correlations  

 

Figure A.3.1. Correlation between selected variables in the covariate space
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A4. Heat Maps 
 

 
Figure A.4.1: CATE distribution by firm characteristics & firm financial variables 
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Figure A.4.2: CATE distribution by municipality and industry groupings 
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Figure A.4.3: CATE distribution by share of employees & female representation at various levels 
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A5. Variable importance – all features 
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A6. Distribution of relative wage income 
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A7. Parameter settings, pilot and causal forest 
 
Pilot forest 
Number of trees 2000 
Sample weights NONE 
Clusters NONE 
Fraction of sample used to grow trees 0,5 
Minimum node side 5 
Number variables tried for each split 31 
Honesty YES 
Honest fraction 0,5 
Pruning of empty leaves YES 
Maximum imbalance of a split (alpha) 0,05 
Imbalance penalty 0 

 
Causal forest 
Number of trees 2000 
Sample weights NONE 
Clusters NONE 
Fraction of sample used to grow trees 0,5 
Minimum node side 5 
Number variables tried for each split 25 
Honesty YES 
Honest fraction 0,5 
Pruning of empty leaves YES 
Maximum imbalance of a split (alpha) 0,05 
Imbalance penalty 0 

 
 
 
See also: Causal forest — causal_forest • grf (grf-labs.github.io) 
 
 
 
 
 
 
 
 
 

https://grf-labs.github.io/grf/reference/causal_forest.html
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