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Abstract 

We study the intergenerational transmission of gender stereotypical choices by investigating how the choice of 
mothers’ maternity leave length affects their daughters’ maternity leave length. First, we document a positive 
association between mothers’ and daughters’ leave lengths. In particular, mothers who take a relatively long 
maternity leave are associated with daughters who also take a long maternity leave. While this correlation reduces 
when controlling for mothers’ and daughters’ background characteristics, it remains statistically significant. Next, 
by exploiting a major reform of the Danish parental leave system in 1984, we can give a causal interpretation to 
the intergenerational transmission of maternity leave take-up from mothers to their daughters. On average, the 
reform induces the 1984-mothers to increase their leave length with around 36 days.  Estimating both OLS and 
reduced form models, we find no effects on daughters’ average leave taking behavior. However, we find 
suggestive evidence of positive spillover effects on the daughters’ likelihood to take a relatively long leave, a 
finding that remains robust to different assumptions and specifications.  

 
 
 
 
 
 
 
 
 
 
 
 
 
__________________ 
1 Department of Economics and Business Economics, Aarhus University. Address: Fuglesangs Allé 4, 8210 Aarhus 
V, Denmark. 
2 IZA, Bonn. 
3 CESIFO, Munich. 
Acknowledgement: Participants of the ‘Parenthood Penalties, Work and the Workplace’ workshop at Ebeltoft, June, 
2022 are thanked for their helpful comments. We thank Aline Bütikofer and Philip Rosenbaum for their excellent 
comments, insights and suggestions. The authors also thank Laura Weile and Camilla Aasgaard for competent 
research assistance.  
 
Funding for this work from ROCKWOOL Fonden is gratefully acknowledged. 
 



Page 2 of 48 
 

1. Introduction 
 
Event studies have convincingly demonstrated the prevalence of widespread and persistent child 

penalties in many countries. The underlying causes of such penalties, however, are yet to be pinned 

down. The evidence so far does not support explanations such as comparative advantage or biology 

(Kleven et al., 2021; Rosenbaum, 2021; Andresen and Nix, 2022; Lundberg, 2022).  Instead, focus 

is turning to three main explanations: gender norms, preferences or discrimination.  Concerning 

gender norms, Kleven et al. (2019) hypothesize and show descriptive evidence that 

intergenerational transmission (IGT) of gender identity norms may be an important mechanism. 

The broader literature on gender norms and gender stereotypical choices also documents strong 

intergenerational correlations in terms of gender-related educational preferences, gender role 

attitudes and female labour supply (e.g. Humlum et al., 2019; Johnston et al., 2014, Fernandez et 

al, 2004). Yet, there is a lack of causal evidence regarding what shapes the intergenerational 

transmission of gender stereotypical behavior. In particular, little is known about the potential for 

policy changes to impact such choices and ultimately, gender norms (Giuliano, 2020 and 

Lundberg, 2022). 

This paper contributes with evidence on one channel that may affect the intergenerational 

transmission of gender stereotypical choices: Choices relating to leave schemes for parents, i.e. 

schemes available for mothers only (maternity leave), fathers only (paternity leave) or to both 

parents without any restrictions on whom among the parents takes up leave (parental leave). In 

this study, we analyze a large change in parental leave rules, which affected the majority of all 

mothers who gave birth in Denmark in the mid-1980s. We ask whether these changes had long run 

effects on the leave behavior and gender stereotypical choices of the next generation of females 

who gave birth after 2001. The question is whether daughters of mothers exposed to a relatively 

short maternity leave scheme make different choices with respect to take up of maternity leave 

than otherwise similar counterparts of mothers exposed to a relatively long maternity leave 

scheme. The Danish leave schemes have remained unchanged since 2002 until 20221. Focusing 

                                                            
1Following the 2019 EU Directive requiring members states to enact at least 9 weeks of parental leave to each parent 
by 2022, political parties in Denmark reached an agreement to earmark 11 weeks of parental leave to each parent for 
children born on or after 2nd August, 2022. This is a major reform of the parental leave system which will equalize 
the number of weeks of earmarked leave to mothers and fathers (or co-mothers). Mothers are still entitled to 4 
weeks‘ leave before the birth and the total leave length (including these 4 weeks) is still 52 weeks. However, 
mothers’ post-birth earmarked leave is now reduced from 14 to 11 (while fathers’ is increased from 2 to 11), and the 
sharable leave segment is reduced from 32 to 26 weeks.        
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on births taking place from 2002-2018 among the daughter generation ensures that the daughters 

all face the same parental leave rules when they themselves become mothers. Thus, any difference 

in leave taking behavior among daughters born close to the cutoff date March 26, 1984 may be 

related to differences in the parental leave scheme experienced by mothers.  

Our study relates to three branches of the empirical literature. First, it speaks to the broader 

literature on family policies and in particular to the literature on parental leave reforms. Most 

closely related to our study, Dahl et al. (2014) and Lassen (working paper) document spillover 

effects from paid parental leave extension to colleagues and siblings in, respectively, Norway and 

Denmark. Using a similar framework, Ahlzén (working paper), however, does not find any 

spillover effects of paid parental leave uptake by fathers in Sweden to their brothers and male 

colleagues. To our knowledge, we are the first to study whether there exist spillover effects in 

parental leave from one generation to the next.   

Second, it speaks to the literature on gender identity norms and gender stereotypical choices. While 

the previous literature has focused on intergenerational transmission of maternal labour supply, 

educational choices and attitudes, we aim to study the intergenerational transmission of maternity 

leave lengths, a novel channel in the literature. Third, in our setup a mother’s leave length is 

exogenously changed by a large nationwide reform, enabling a causal interpretation, unlike most 

intergenerational studies that report only correlations.2 By studying the intersection of the two 

branches above, we make a novel contribution to the literature on intergenerational transmission.   

 

2. Existing Literature 

Few studies to date can link maternity leave choices of mothers to child outcomes in adulthood. 

Existing studies typically focus on effects on children when they are young. Studies that do look 

at longer-term outcomes of children do not find any overall effect on children’s education and 

wage from expansions of paid parental leave (Rasmussen, 2010; Liu and Skans, 2010; Danzer and 

Lavy, 2018; Dustmann and Schönberg, 2012). Rasmussen (2010) finds that the Danish 1984 

expansion of paid parental leave from 14-20 weeks had no detectable effects on children’s 

                                                            
2 See Hartley et al., forthcoming for one of few studies that investigate the effect of welfare reform on ADFC/TANF 
participation of mothers and its transmission to daughters.  
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educational outcomes. In contrast, the introduction of 4 months of parental leave with benefits in 

Norway in 1977 had positive overall long run effects on education and wages of the children 

(Carneiro et al., 2015). The Norwegian reform differed in a crucial aspect, since women only had 

access to 12 weeks of leave without benefits prior to the reform. Some heterogeneity exists across 

mother’s education level and child’s gender with children of high-educated mothers and boys 

benefitting from longer leaves (Liu and Skans, 2010; Danzer and Lavy, 2018). 

The paper explores whether the take-up of leave schemes reflects gender stereotypical norms and 

social prescriptions relating to identity as a ‘mother’ and whether these norms and gender identity 

may be inherited across generations, from mother to daughter and from a woman to her daughter-

in-law. That identity matters for individuals’ economic choices goes back to the seminal work of 

Akerlof and Kranton (2000) who were the first to suggest that individuals derive utility from 

conforming to behaviour that is expected of their social category. For instance, the prescription of 

the category ‘mother’ may say that women who become mothers should stay at home with their 

children for a given number of months or years. Such prescriptions may affect the choices of the 

mother identity, inducing women to take up full maternity or parental leave if this is what the 

prescriptions for ‘mother identity’ dictate.  

Applying this idea to males and females in labour markets provides an explanation for why gender 

differences in wages, labour force participation, hours worked or occupational segregation can 

persist over time even while gender differences in human capital accumulation are rapidly 

disappearing. For instance, Bertrand et al. (2015) show that the distribution of wife’s share of 

family income shows a sharp drop as the wife starts earning more than her husband3. They argue 

that this observation is related to gender identity norms about who should be the main breadwinner 

in the family. One of their empirical results is that couples where the wife earns more than the 

husband have higher divorce rates. The same result was found earlier in Jensen and Smith (1990). 

The question of interest for us is whether such gender identity norms can be transmitted across 

generations.  

 

                                                            
3 However, recent work by Kuehnle et al. (2021) shows that the finding is sensitive to the choice of estimator, 
chosen bin size and context.    
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Fernandez et al. (2004) brings evidence to this question by exploiting the variation in the draft rate 

across US states during World War II and shows that having a (exogenously induced) working 

mother increased the probability that the man's wife works by 24-32 percentage points even after 

controlling for the husband’s and wife’s background characteristics. Thus, men who are exposed 

to their mothers working while growing up are more likely to have working partners themselves 

either due to their changed preferences or to their changed abilities (may be such men do more 

housework, and therefore free up time for their wives to work) or both. Thus, the greater the 

average fertility among working mothers compared to nonworking mothers, the more will this type 

of “new man” spread in the population. This will in turn imply more investment in human capital 

and careers of the next generation of females, meaning that the effect amplifies over time. Thus, 

mothers pass on a gender identity relating to participation in market work to their daughters and 

via their sons, also to their daughters-in-law.  

Farre and Vella (2013) find the same type of relations between norms and attitudes between 

mothers and their children, both daughters and sons. They find based on US NLSY data that sons’ 

attitudes in their youth strongly correlate with their wives’ work decision. For daughters however, 

the association is weaker and seems to operate through the education channel. Johnston et al. 

(2014) use UK data and find that when mothers hold non-traditional views, their children have 

partners with higher levels of human capital and labour supply. Daughters’ own labour supply is 

correlated with their mother’s gender role attitudes. This is particularly pronounced following 

childbirth: daughters born from mothers with traditional gender views reduce their labour supply 

twice as much as daughters born from mothers with non-traditional gender views.  

A few recent papers study the intergenerational transmission of gender norms and stereotypes in 

Denmark. Kleven et al. (2019) find an intergenerational correlation of child penalties and the 

relative labor supply of maternal grandparents, i.e. when the maternal grandmother works 

relatively little compared to her partner, the daughter incurs a larger child penalty. Interestingly, 

there exists no such relationship between mothers’ relative labour supply and child penalties 

experienced by sons. Humlum et al. (2019) investigate parent-child correlations in gender 

stereotypical choices of education and find that children are more likely to choose a gender 

stereotypical education when their parents have done so too. 
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In a recent paper by Lassen (working paper), the 2002 Danish parental leave reform is used to 

identify potential intergenerational transmissions from mothers to daughters. She finds that women 

who grew up with mothers working relatively many hours tend to respond less to the increased 

parental leave in 2002, i.e. these women took less parental leave compared to women who grew 

up with mothers working few hours. This may be an indication of intergenerational transmission 

of gender stereotypes or prescriptive norms. Secondly, she documents substantial peer effects 

among sisters. Women with a sister eligible for the new regime took on average 1.1 weeks longer 

parental leave corresponding to a peer effect of 17%. This result is interpreted as evidence that the 

2002 reform reinforced gender prescriptions through peer effects. 

In conclusion, earlier empirical evidence indicates that daughters’ labor market choices following 

childbirth are correlated with their mothers’ choices. The same relation seems to exist for mothers 

and daughters-in-law (via sons) at least in some settings. However, earlier studies do not explicitly 

build on exogenous variation to identify the mechanisms behind the transmission of gender identity 

norms. In the present study, we use the reforms of the Danish parental leave system in 1984 to try 

to identify whether there is a causal relationship in the intergenerational transmission of gender 

norms.   

 

3. Institutional Setting 

Since the early 1900s, most Danish female wage earners have had the right to maternity leave 

before and after childbirth. The duration of maternal leave and the compensation has gradually 

been increased during the early 1900s. From 1981, the total leave period included 4 weeks of 

pregnancy leave and 14 weeks of maternity leave after birth. Self-employed women and assisting 

spouses became eligible for the same leave period in 1981, but their benefit rate still faced 

restrictions (dependent on their taxable profit/earnings). At the end of 1983 (December 7), a new 

law was passed in Danish parliament which implied a major expansion of parental leave.  

The implementation took place in two stages. The first part of the new scheme included 2 weeks 

of paternity leave in addition to 6 weeks of parental leave following the 14 weeks of maternity 

leave. Parents could divide the 6 weeks of parental leave between them as they liked. In practice 

however, it served more or less as an expansion of paid maternity leave (Rasmussen, 2010).  
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All parents to children born on March 26, 1984, or later were eligible for the first part of the new 

scheme implemented on July 1, 1984.  The quick implementation meant that mothers giving birth 

close to March 26, 1984 were already pregnant when the reform was passed in parliament on 

December 7, 1983. In fact, they were already pregnant in October 1983 when the reform was 

initially suggested (Folketingstidende, 2001). Thus, mothers giving birth close to March 26 had 

very little chance of affecting their eligibility for the new parental leave scheme.  

The second part of the new parental leave scheme was implemented on July 1, 1985. It included 4 

additional weeks of parental leave. Parents to children born on February 11, 1985, or later were 

eligible for these additional weeks of leave. However, parents knew about the eligibility criteria 

for the second part of the new scheme well ahead in time and could therefore plan pregnancies 

accordingly. For these reasons, we focus only on the first part of the new parental leave scheme. 

From this point on, we will refer to this first part of the new parental leave scheme as the 1984-

reform.  

Children born in 1983-1985 faced different parental leave rules than their parents did. In 1993, a 

new leave scheme was introduced (the childcare leave) and for a short period, 1998-2002, there 

was a paternity leave scheme of 2 weeks (father quota leave) which was abolished again in 2002 

where a major parental leave reform was put into force (Andersen and Krarup, 2017).4 Children 

born in 1984 were less than 18 years old before 2002 (there are very few mothers aged less than 

18 and they will not be eligible for leave benefits since they are too young). Therefore, we consider 

the 2002-parental leave rules as the relevant institutional setting for our second-generation 

children.  

The 2002 reform implied that paid parental leave was expanded to 32 weeks. Further, the parental 

leave scheme became more flexible. A part of the parental leave could now be postponed,5 taken 

                                                            
4 Our second-generation children face a different institutional setting than their parents in a few other aspects too. In 
particular, the first two weeks of maternity leave has been mandatory since 1994 (law no. 412 by June 1st, 1994). The 
2002 reform was put into force as from March 27, 2002, but all parents who had a child in the first months of 2002 
were allowed to choose between old and new rules, i.e. they were also eligible for the new and longer parental leave. 
5 In 1993, a ‘childcare leave scheme’ was introduced for part of the labour force. This scheme had a fairly low 
compensation rate and mainly low skilled workers took-up the childcare scheme. The 2002 reform abolished the 
childcare scheme. Postponed leave should be taken before the child turns 9. The 32 weeks of parental leave could be 
expanded at a reduced benefit rate with either 8 weeks taken before the child turned 54 weeks or 14 weeks taken 
before the child turned 60 weeks. Additionally, in case the child was hospitalized during the first 46 weeks, parental 
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part-time while working part-time and both parents could be on parental leave together. However, 

most parents did not exploit the flexibility of the parental leave scheme (see e.g. Beuchert et al., 

2016).  

While leave benefits generally corresponds to unemployment benefits for eligible mothers, many 

parents are covered by local settlements and agreements securing them full wages during a part of 

their leave. In particular, all employees in the public sector have been entitled to receive full wage 

during part of the maternal and parental leave period since 1989. From 2002 on, parents working 

in the public sector are entitled to receive full wage during earmarked maternity and paternity 

leave, and at least 10 weeks out of the 32 weeks parental leave. In the private sector, several large 

settlements and agreements ensure many workers a period of paid leave as well.  

 

4. Methodology 

4.1 Intergenerational correlations 

We use a standard empirical model for studying intergenerational transmissions as e.g. presented 

in Black and Devereux (2011). In our empirical analysis, we focus on the transmission from mother 

to daughter (or to the daughter-in-law) as specified generally in Equation (1). The transmission 

from mother to daughter is captured by the parameter 𝛽𝛽:  

𝑦𝑦𝑑𝑑 = 𝛽𝛽𝑦𝑦𝑚𝑚 + 𝜸𝜸𝜸𝜸 + 𝜀𝜀𝑑𝑑       (1) 

Subscript m refers to the mother and subscript d to the daughter (or daughter-in-law). 𝑦𝑦𝑖𝑖 , 𝑖𝑖 = 𝑚𝑚,𝑑𝑑, 

usually refers to income or earnings, but 𝑦𝑦𝑖𝑖 can refer to any continuous outcome measure, for 

instance the number of days on parental and maternity leave, the mother’s share of total leave 

among the parents, or other variables assumed to reflect or be related to gender identity norms.  

The vector 𝜸𝜸 includes observable control variables that potentially affect the daughter’s outcome, 

whereas 𝜀𝜀𝑑𝑑 captures all unobserved factors affecting daughter’s outcome. We include control 

variables in a stepwise manner. First, we include variables predetermined at the time of the 

                                                            
leave could be expanded by a corresponding period with a maximum expansion of 3 months (Andersen and Krarup, 
2017).   
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mother’s leave decision: a time trend and a time trend squared for the daughter’s birthdate, the 

mother’s demographic information,6 own education,7 household earnings (total earnings measured 

in logs), labour market information8 and variables regarding the birth (child's birthweight in grams, 

first child (1/0), multiple birth (1/0)). All time-varying variables unrelated to birth are measured 

one year prior to birth. In the next step, we include similar background variables related to the 

daughter except that we access her own earnings. Note, that these variables are potentially 

impacted by the mothers’ leave decision (e.g. if a mother’s leave decision affects her daughter’s 

labour market choices), i.e. these variables may be considered potential mechanisms of the 

intergenerational association and not pure control variables.  

When the outcome is measured in logs, the parameter 𝛽𝛽 in Equation (1) is interpreted as the 

intergenerational elasticity (IGE). Thus, the regression coefficient will approximately measure the 

percentage change of a child’s outcome when the mother’s outcome increases with 1 percent. 

Similarly, 1 − 𝛽𝛽 captures the intergenerational mobility. 

The measure of transmission between mothers and daughters is sensitive to differences in 

dispersions of the outcome measure across generations. Multiplying 𝛽𝛽 by the ratio of the standard 

deviation for daughter’s outcome relative to the standard deviation of the mother’s outcome yields 

the intergenerational correlation, 𝛿𝛿 = 𝛽𝛽 𝜎𝜎𝑚𝑚
𝜎𝜎𝑑𝑑

. Specifically, when the outcome measure has a higher 

dispersion for daughters than for mothers, the estimated beta coefficient from Equation (1) will be 

larger than the intergenerational correlation. An alternative approach is to measure mother and 

daughter outcomes in ranks based on the distribution of the outcome for the relevant generation. 

This gives us an estimate of the rank-rank slope, which corresponds to the Spearman correlation 

(see e.g. Chetty et al, 2014). We follow the latter approach with rank-rank estimations in our initial 

empirical investigations.   

In comparison with the classical outcome measure of income or earnings in intergenerational 

analyses, we face an additional challenge when studying leave periods. Income is a continuous 

and relatively well dispersed variable (with some bunching at zero). The distribution of length of 

                                                            
6 Immigrant (1/0), descendant (1/0), age at child’s birth, whether there is no registry of child’s father (1/0).  
7 College degree (1/0), high school/vocational training (1/0).  
8 Self-employed (1/0), public adm./teaching/health care/social institutions (1/0), firm share of women in 
management (1/0), accumulated experience, accumulated experience squared, firm's number of man-years. 
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leave periods exhibits a large share of bunching around the maximum period (see Section 5). 

Following the literature on intergenerational associations in education,9 we therefore also measure 

leave in different ways. Our outcome measure is unarguably much closer to being continuous than 

education, but the problem of bunching remains being a challenge. To address this issue, we 

therefore also measure leave as binary measures of a relatively short or relatively long leave period 

to study leave decisions that deviate from the “norm” (in this case, the median).  

Estimation of 𝛽𝛽 based on Equation (1) provides an estimate of the association between a mother’s 

and a daughter’s leave decision. In practice, the association is likely endogenous, as many 

unobserved factors can correlate with the leave decision of both the mother and her daughter. To 

provide a causal estimate of 𝛽𝛽, we need exogenous variation of mother’s leave taking behavior. 

We therefore also analyse the intergenerational transmission by exploiting the Danish 1984-

parental leave reform to obtain plausible exogenous variation in eligibility for a longer period of 

parental leave.  

4.2 Empirical Strategy  

First, we study simple models of intergenerational associations between mother and daughter by 

estimating an OLS regression of Equation (1) including different sets of control variables and 

measuring leave in different ways.  

Second, we use the 1984-reform as an exogenous variation in the mother’s leave taking in order 

to estimate a causal transmission from mother to daughter by using a sample of mothers giving 

birth close to March 26, 1984, and their daughters. Here, we will use different time windows in 

different specifications, but never exceeding +/-280 days. We use a reduced form specification 

estimated either using OLS or Local Polynomial Regression following Dahl et al. (2014), Lassen 

(working paper), and Ahlzén (working paper). Whereas Dahl et al. (2014), Lassen (working 

paper), and Ahlzén (working paper) use a full fuzzy regression discontinuity (FRD) design, we 

                                                            
9 Education suffers from not being “truly” continuous nor well-dispersed whereas our main problem is a large share 
of bunching. For a discussion of how to measure intergenerational associations in education, see Fletcher and Han 
(2019). In practice, Karlson and Landersoe (working paper) find little difference using different measures and 
models. Therefore, they focus on the simple specification that proxies education (measured in years) as a continuous 
variable. 
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currently focus on the reduced form specification because of data availability10 and include the 

first stage too (equal to the reform effect).  

Note, that the reduced form specification does not measure the relation between the daughter’s 

amount of leave and actual leave taking by the mother. Instead, it measures the difference in leave 

taking behaviour among daughters born to mothers who were eligible for a longer period of paid 

leave relative to daughters born to mothers who were not eligible for a longer period of paid leave. 

Thus, the reduced form specification captures an intention-to-treat parameter (ITT).  

We consider the following reduced form specification, where the parameter of interest is 𝜋𝜋:  

𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝑑𝑑 = 𝛾𝛾 + 1𝑡𝑡≥𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀ℎ 26 ∙ [𝜋𝜋 + ℎ𝑀𝑀(𝑡𝑡 − 𝑀𝑀𝐿𝐿𝑀𝑀𝑀𝑀ℎ 26)] 

                                                          + 1𝑡𝑡<𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀ℎ 26 ∙ ℎ𝑙𝑙(𝑡𝑡 − 𝑀𝑀𝐿𝐿𝑀𝑀𝑀𝑀ℎ 26) + 𝜹𝜹𝜸𝜸𝒎𝒎 + 𝜀𝜀𝑑𝑑                          (2)  

and where t describes the date of birth of the daughter, and ℎ𝑗𝑗(∙), 𝑗𝑗 = 𝑀𝑀, 𝑙𝑙, are two continuous 

functions of the distance to the cutoff date, March 26. These functions are allowed to differ on the 

right - and lefthand side of the cutoff date indicated by the subscripts 𝑀𝑀 and 𝑙𝑙. The main assumption 

ensuring identification of the reduced form specification is that individuals cannot control the date 

of birth near the cutoff date. Under this assumption, 𝜋𝜋 captures the ITT. To increase precision, we 

include the vector, 𝜸𝜸𝒎𝒎, which contains predetermined background characteristics of the mother,11 

and 𝜀𝜀𝑑𝑑 is the error term. Time-varying background characteristics unrelated to birth are measured 

in the year prior to birth.  

For the subsample of observations where we can observe the mother’s actual leave taking, we 

estimate the reform effect using the following specification (corresponding to the first stage from 

Dahl et al. (2014), Lassen (working paper) and Ahlzén (working paper)): 

 

                                                            
10 Leave cannot be observed prior to January 1, 1984, this requirement restricts the length of our time window(s). 
Historical data on leaves prior to January 1, 1984, can be obtained from Rigsarkivet (the Public Records), and we 
intend to add such information (when it is available to us). 
11 Background information includes immigrant (1/0), descendant (1/0), age at child’s birth, no registered father (1/0), 
college degree (1/0), high school/vocational training (1/0), ln(household earnings), self-employed (1/0), public 
adm./teaching/health care/social institutions (1/0), share of women in management(1/0), acc. experience, acc. 
experience squared, firm's number of man-years, daughter (1/0), child birth weight (gms), first child (1/0) and 
multiple birth (1/0). 
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𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝐿𝑚𝑚 = 𝛼𝛼 + 1𝑡𝑡≥𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀ℎ 26 ∙ [𝜆𝜆 + 𝑔𝑔𝑀𝑀(𝑡𝑡 − 𝑀𝑀𝐿𝐿𝑀𝑀𝑀𝑀ℎ 26)] 

+1𝑡𝑡<𝑀𝑀𝑀𝑀𝑀𝑀𝑀𝑀ℎ 26 ∙ 𝑔𝑔𝑙𝑙(𝑡𝑡 − 𝑀𝑀𝐿𝐿𝑀𝑀𝑀𝑀ℎ 26) + 𝜽𝜽𝜸𝜸𝒎𝒎 + 𝜀𝜀𝑚𝑚                         (3) 

𝑔𝑔𝑗𝑗(∙), 𝑗𝑗 = 𝑀𝑀, 𝑙𝑙, is a continuous function of the distance to the cutoff date, March 26, allowed to 

differ on the right- and left-hand side of the cutoff date. 𝜸𝜸𝒎𝒎 is similar to the reduced form 

specification, and 𝜀𝜀𝑖𝑖 = 𝑚𝑚,𝑑𝑑 is the error term in the first- and second stage, respectively.  

4.3 Key assumptions and threats 

The key assumption for identification in the reduced form model is that individuals cannot control 

the date of birth near the cutoff date. This assumption ensures that treatment is as good as random 

close to the cutoff date. Since women giving birth around March 26, 1984, were already pregnant 

when the 1984 reform was first proposed, this seems plausible. Nevertheless, one might worry that 

mothers would manipulate their birthdate when having a due-date close to March 26. This could 

be the case if mothers postponed cesarean sections and inductions (see e.g. Borra et al., 2019, 

Jürges, 2017 or Gans and Leigh, 2009 for empirical evidence of how monetary incentives can shift 

the timing of births). According to Rasmussen (2010), this is not a concern, and even if mothers 

were able to postpone the date of birth, in a robustness test we use a donut strategy to check for 

such behavior (Appendix C4). If there exist seasonal differences in outcomes between children 

born on either side of the March 26 cutoff, it is difficult to distinguish treatment effects from such 

seasonal effects (see e.g. Currie and Schwandt, 2013 for evidence on seasonal effects on infant 

health). To alleviate such a concern, later, when we access the historical data on leaves from the 

archives (footnote 10), we will follow Rasmussen (2010) in providing a robustness check 

combining the regression discontinuity design with a difference-in-difference strategy. Mothers 

giving birth before March 26 (1983 or 1984), will serve as the control group, and mothers giving 

birth after March 26 (1983 or 1984), serve as the treatment group. In any case, when investigating 

child outcomes, Rasmussen (2010) finds no evidence for such seasonal effects when using two 

months on either side of the March 26 cutoff for the treatment and control groups.  
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5. Data 

5.1 Sample Selection  

We access register data from Statistics Denmark on all women who give birth to a liveborn child 

in Denmark within a one-year time window on either side of the cutoff date, March 26, 1984 

(101,229 unique births, 99,899 mothers12).   

Appendix D describes how the estimation sample is derived. We focus on women who are 

“presumed” biological mothers13 and exclude women who give their child(ren) up for adoption. 

These women are our first generation of mothers. 99.37% of the children have a father registered. 

Dropping observations where the gender of the father is not registered or where the partner is a co-

mother gives 100,764 unique births from 99,444 mothers (see row 1, Appendix D). Note, these 

births include both male and female births, but we will focus only on the 49,179 female births 

corresponding to 49,676 daughters. Note that the number of daughters exceeds the number of 

female births because of twin births. 

Our second generation consists of all daughters born in the considered time-window around 1984 

who become parents to liveborn children during the period 2002-2018 (thus, they are aged 18-34 

when the children are born). This group consists of 36,521 daughters who gave birth to 69,199 

unique children (see row 3, Appendix D). From here on we impose some further selections, all 

reported in Appendix D. Similarly to the restrictions we placed for their mothers, we restrict 

attention to births taking place in Denmark by “presumed” biological daughters who do not give 

their child(ren) up for adoption. Moreover, similarly to the restrictions we placed for mothers, we 

exclude births by same-sex couples as we expect different transmission of gender stereotypical 

choices to occur within this group. Finally, we follow Beuchert et al. (2016) and consider taking 

at least 14 days of leave benefits as a proxy for being eligible for leave benefits for second 

generation mothers. Since 1994, mothers are by law required to take at least 14 days of leave after 

birth. Thus, second generation mothers who have registered less than 14 days of leave with leave 

                                                            
12 We define a unique birth as a unique birthdate, meaning that twins or more each count as a unique birth. 
13 Based on the variable “ADOP” https://www.dst.dk/da/Statistik/dokumentation/Times/fertilitetsdatabasen/adop. 
“Presumed” biological mothers include mothers registered shortly after birth (categories 21, 22 and 23). While the 
variable definition does not guarantee a biological relationship, it excludes adoptive parents and children born 
abroad.   

https://www.dst.dk/da/Statistik/dokumentation/Times/fertilitetsdatabasen/adop
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benefits are likely not eligible for leave benefits. This leaves us with a sample size of 32,176 

daughters (see row 6, Appendix D). 

In our main specifications, we will additionally require first-generation mothers to take at least 

some leave with benefits (as mothers ineligible for leave benefits, e.g. students, immigrants and 

the self-employed, are not impacted by the 1984-reform). Yet, this restriction will put limitations 

on the time-window we can observe on either side of the cutoff date as leave decisions cannot be 

observed prior to January 1st, 1984, because the administrative registers currently available at 

Statistics Denmark only exist after this date. However, we will also study the larger sample without 

requiring us to observe the mother’s actual leave decision (see row 7 in Appendix D). Finally, for 

the estimation sample we will additionally exclude March 25, 1984, because the data show that 

the actual jump occurs on that date yielding final sample sizes of 6,583 female births by mothers 

and 11,687 births by 6,607 daughters (see row 11 in Appendix D). Currently, the final sample 

amounts to about 20% of the observations that we started with (i.e. the 11,687 out of the 69,199 

births by all 2nd generation daughters born in the time window), but in the future when we access 

data on pre-1984 maternal leaves from the archives, we will be able to increase the sample size 

considerably.  

To get an idea of how the sample size after applying the restrictions above changes according to 

distance to the cutoff, Table 1 shows the number of second-generation daughters in our estimation 

sample born within different time-windows around March 26 together with the number of births 

they themselves have. The number of births is also shown for daughters-in-law (column 4). 

Overall, around 67% of children (daughters and sons) have become parents before 2019. The 

largest window is +/− 12 months (last row), and the number of observations in the first three 

columns correspond to those in rows 6 and 9 in Appendix D. The main estimation sample is shown 

in the middle of the table (row 11 in Appendix D). 
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Table 1. Number of daughters and daughters-in-law in the restricted 
sample in the window around March 26, 1984, by distance to cutoff 

 
 
 
 
 
Distance                 
to cutoff 

Number of 
unique 

daughters 
born to 
mothers 

Number of 
unique 

daughters born 
in the window 
with mother’s 

leave 
observed* 

Number of 
unique births 
to daughters 
born in the 

window with 
mother’s 

leave 
observeda 

Number of 
unique births 
to daughters-

in-law 
(partners of 
sons born in 
the window) 
with mother-

in-law’s 
leave 

observeda 
+/− 1 month 2,849 2,483 4,351 3,190 
+/− 2 months 5,621 4,881 8,621 6,452 
+/− 84 daysb 7,623 6,658 11,687 8,842 
+/− 4 months 10,804 9,341 16,464 12,411 
+/− 6 months 16,143 13,801 24,367 18,321 
+/− 12 months 32,019 20,203 35,328 26,383 

Note: aAt the end of 2019. We also condition here on daughter’s (daughter-in-law’s) leave>13 days.      
The share of daughters who become parents is slightly larger than the share of sons. Among those 
daughters and sons who become parents, on average the number is 1.85 children (1.9/1.8 for 
daughters/sons). bMain estimation sample. March 25, 1984 omitted. 

 

5.2 Leave Data   

For first-generation mothers, leave days for each birth is measured as the number of registered 

leave days taken from the day of birth and until seven months after the birth month.14 For second-

generation children, leave measures are based on DREAM data (a spell dataset on weekly public 

income transfers). In the DREAM data, we can observe the number of weeks where the parent 

receives leave payments, but we cannot identify the child associated with the leave period. 

                                                            
14 The data source for first generation mothers is the register for Consecutive Social Statistics (SHSS) covering 
public transfers from 1980-2007. SHSS measures 30 days as a full month regardless of the actual number of days in 
a given calendar month. Therefore, a modified version is constructed by replacing 30 days with the actual number of 
days in a given calendar month and year. Yet, the modified measure of leave may exaggerate the actual number of 
days in the cases where a mother only takes 30 days of leave in a month with 31 days.  Main results have been 
computed using both measures, but we focus on the unmodified measures. For second generation births, there are 
more data sources (DREAM or the register for Sickness and Unemployment Benefits (SGDP), which contains more 
detailed leave information than DREAM but it has the disadvantage of not providing information on more recent 
births in our sample. To account for the fact that DREAM only measures full weeks, we also consider a modified 
version of leave where we adjust the length of the birth week such that it does not include days prior to the birthdate. 
Moreover, we assess how sensitive our main results are to the source of leave data in a robustness check using only 
births by daughters 2002-2013 where SGDP data are available (see appendix A1 for variable definitions of the 
SGDP measures). 
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DREAM data cannot distinguish between being on part- or fulltime leave. The total number of 

leave weeks is measured as the leave period observed in the window from the week of birth and 

either until 2 years after or until the next birth.  

5.3 Descriptive Statistics 

Table 2 below presents summary statistics on both the mother and the daughter sample where 

leaves are observed, in the 12 months window around March 26, 1984. The number of mothers is 

20,086 and the number of daughters is 20,203 (see row 9 in Appendix D). Clearly, mothers and 

daughters were entitled to substantially different schemes, with the average mother taking 16.6 

weeks of leave and the average daughter taking almost 3 times as much or 45.9 weeks of leave. 

Daughters were about 2 years older than mothers on average at the end of the birth year and no 

daughters were born outside the country (the latter is due to our sample restrictions). Another 

striking difference between mothers and daughters is that daughters are better educated. 55% of 

daughters have a college degree compared to 24% of mothers, while shares of only high 

school/vocational training (VET) completion are the same – thus, fewer daughters have only 

primary level of education.  For mothers we access household earnings (the sum of own and partner 

earnings) in the year before birth while for daughters we access own earnings. All earnings are 

measured in the year before birth. The fact that the two means are similar across generations 

although the daughters’ distribution is more dispersed is evidence of the growth in earnings levels 

and FLFP over the generations. The maternal generation is more likely to have children than the 

daughter generation where we may not observe completed fertility. Mothers are also more likely 

to be self-employed and to work in jobs with a lower share of females in management and in 

smaller firms, reflecting the growing advancement of women’s careers across generations.   
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Table 2. Summary statistics: All controls excluding missing dummies 
   Mean 

Mothers 
SD 

Mothers 
Mean 

Daughters 
SD 

Daughters 
Leave (in weeks)  16.583 5.591 45.909 12.663 
Age at year end  27.612 4.439 29.597 3.242 
No registered father .003 .056 .003 .057 
Immigrant .027 .162 0.000 n.a. 
Descendent .001 .037 .015 0.122 
College degree .236 .425 .554 .497 
High school/VET .356 .479 .356 .479 
Ln earningsa 11.741 2.296 11.508 4.210 
Child birthweight (in gms) 3362.253 527.421 3472.469 617.580 
Firstborn child .464 .499 .591 .492 
Multiple births .016 .124 .020 .140 
Self-employed .025 .156 .016 .124 
Public adm/teach/health  .425 .494 .443 .497 
Accum. experience 5954.767 3495.418 5798.331 3166.919 
Accum. experience2 4.768e+07 5.432e+07 4.365e+07 4.249e+07 
Firm % female management  24.391 34.820 42.915 36.761 
Firm no. of man yrs 353.082 936.559 469.310 1271.412 
Note: N=20,086 for mothers, 20,203 for daughters in one year window, see last row of Table 1. Dummies 
for missing variables in the following are included in all regressions: no registered father, college degree, 
high school/vocational training, labour income, child birthweight, child birth order, multiple births, 
accumulated experience, firm share of females in management, firm number of man-years. All daughters 
are born in Denmark, hence there are no Immigrant daughters. aLn earnings is HH earnings for mothers, 
but own earnings for daughters, both measured in the year before birth. 

 
 

Figure 1 shows the distribution of leave measured in full weeks for all first-generation mothers 

giving birth between March 26, 1984, and December 31, 1985, i.e. during the post-reform period 

when maternity leave amounted to 14 weeks and with a parental leave of 6 weeks up to February 

10, 1985 (i.e. total 20 weeks), plus where the parental leave part was extended by 4 weeks in the 

period after February 10, 1985 (i.e. total 24 weeks). There is a clear bunching of mothers who take 

19 or 20 full weeks in Figure 1 and a smaller mass at >21 weeks. Thus, most mothers take up all 

possible leave including all parental leave. A few mothers take less than what they are eligible for, 

and some share of mothers takes more than that. The latter may be explained by a prolonged leave 

period when the child is being hospitalized (Andersen and Krarup, 2017).  
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Figure 1. The Distributions of Mothers’ Leave in Weeks March 26, 1984-December 31, 1985 

 

Based on the distribution in Figure 1, we define a dummy indicating mothers who take a relatively 

long (short) leave for this period to be all mothers who take more (less) than the median amount 

of leave which is 19.7 weeks for mothers who gave birth between March 26, 1984-February 10, 

1985 and 20.14 weeks for mothers who gave birth between February 11, 1985-December 31, 1985. 

Appendix A1 shows the distribution for leaves for mothers for the period March 26, 1984 up to 

February 10, 1985. 

Figure 2 shows the distribution of leave taking in association with a childbirth in year 2002-2018 

for all daughters born between 1982-1985. It is clear from the figure, that the norm for second-

generation mothers is 47 weeks, implying that the majority of these mothers take-up the full 

maternal and parental leave.15 The large mass on the right hand tail can be explained by four 

factors. First, some mothers may be on part-time leave (remember, the DREAM register cannot 

not distinguish between part- and full-time leave, as we only observe the total period being on 

                                                            
15 The DREAM register cannot tell the exact start and end date of being on leave. In Appendix A, there is more detailed 
description of the relation between days of leave and weeks of leave, which due to the definitions in the register data 
is not straightforward. The formal duration of the maternal and paternal leave is only 46 weeks (14+22 weeks). But 
the DREAM register often registers 47 weeks because the exact start and end date of being on leave is not registered 
(i.e. if a mothers take 46 weeks of leave and starts and ends her leave period on a Tuesday, the leave measure from 
DREAM will count 47 weeks instead of 47).  
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leave16). Second, mothers can extend their leave period with up to 3 months when the child is 

hospitalized within the first 46 weeks. Thirdly, mothers can extend their leave with either 8 or 14 

weeks at a reduced benefit rate. Finally, some mothers may have some additional leave available 

from the birth of younger children.  
Accordingly, we also define a dummy for daughters taking a long (short) leave which is more 

(less) than the median, which is 47 weeks. 

 

Figure 2. The Distribution of Leave – Daughters born 1982-1985 

  

6. Results 

In this section, we present two sets of results. First, we show simple associations between mothers’ 

and daughters’ (in-law) leave decisions measuring leave in different ways and controlling for 

different sets of background variables. In this part of the analysis, we include all mothers who gave 

birth between March 26, 1984 and December 31, 1985. As mentioned previously, the mothers in 

this period are exposed to slightly different institutional settings - those who gave birth between 

March 26, 1984, and February 10, 1985 could take 20 weeks post-birth leave, while those giving 

birth after February 10, 1985 could take 24 weeks leave. We combine the two subsamples in our 

                                                            
16 Beuchert et al. (2016) find that more than 90% of mothers did not exploit the flexibility of the parental leave 
scheme when first introduced. 
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analysis but take the different limits into account when constructing the rank or median in Table 

3. Second, we study a potential causal mechanism of intergenerational transmission from mothers 

to daughters with respect to the leave decision.  

6.1 Intergenerational associations between mothers’ and daughters’ leave decisions 

Figure 3 shows the raw association between mothers’ and daughters’ leave length for mothers 

giving birth between 26/03/1984 -31/12/1985 and daughters giving birth between 2002-2018. 

While there is a clear bunching of mothers who take around 19-20 weeks of leave in regime 1 and 

23-25 weeks in regime 2, we still observe a positive association between mother and daughters’ 

leave decisions.  

 

Figure 3. Mother-daughter association in leave (weeks) 

 

 

In Table 3, column (1), row (1), we show the corresponding regression coefficient when measuring 

the mothers leave as log weeks. One log point increase in the leave the mother takes is associated 

with an increase of almost 1 additional week of leave for the daughter. The coefficient is 

statistically significant at the 1%-level. For example, a daughter born to a mother who takes 20 

weeks of leave will take 1 additional week of leave compared to a daughter born to a mother who 

takes 14 weeks of leave. Including different sets of mother control variables in a stepwise manner 

in columns (2) to (5) reveals that the associations are reduced by 1/2 by the inclusion of mother’s 
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education, earnings and labour market information (column 4). This could indicate that the 

mother’s leave decision is strongly affected by her previous education and labour market choices 

(all time-varying background variables unrelated to birth are measured one year prior to birth year, 

i.e. they are determined before the mother’s leave decision).  

Whereas the mother’s control variables can be considered predetermined to the mother’s leave 

decision, the daughter’s control variables could potentially be impacted by the mother’s leave 

decision. For example, if the mother’s leave decision affects her daughter’s educational or labour 

market decisions these variables could be a potential mechanism of the association between mother 

and daughter’s leave. Including both sets of control variables in columns (6-8) the (log) week-

week associations in columns 7-8 are no longer statistically significant when adding controls for 

the daughter’s education, earnings and labour market information and the coefficient more than 

halves compared to column 1.  

In row 1 columns 1-8, we include all first generation mothers who take at least one day of leave 

with benefits. However, it may be the case that our leave measure captures some outliers or 

registration errors. See e.g. Figure 3 where the bottom percentile on average take less than 5 weeks 

of leave, and the top percentile takes more than 25 weeks of leave. One might worry that mothers 

with a very low leave registry (e.g. only a couple of days) or a very high leave registry are simply 

an erroneous registry in the SHSS register. Therefore, in row 2 we top and bottom code (1% each) 

the mother’s leave distribution, following other intergenerational studies who apply this procedure 

to the income variable (e.g. Mazumder, 2005). The associations clearly increase when imposing 

top and bottom coding of the mother’s leave amount.  Including all control variables, every 1 log 

point increase in the mother’s leave is associated with 0.76 weeks longer leave periods for her 

daughter.  
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Table 3. Intergenerational Associations between Mother’s and Daughter’s Leaves. Dep var: Daughter’s Leave 
Mother’s leave  
 

(1) (2) (3) (4) (5) (6) (7) (8) 

M leave in log weeks  
D leave in weeks 
Obs = 41,865 
 

0.9954*** 

(0.2592) 
 

1.0568*** 

(0.2676) 
 

0.9382*** 

(0.2671) 
 

0.5785** 

(0.2645) 
 

0.5722** 

(0.2648) 
 

0.5130* 

(0.2662) 
 

0.3909 

(0.2627) 
 

0.3989 

(0.2624) 
 

M leave in log weeks, top/bottom 
coded  
D leave in weeks, top/bottom coded   
Obs = 41,865 
 

1.6169*** 

(0.3170) 
 

1.7795*** 

(0.3321) 
 

1.6026*** 

(0.3329) 
 

1.0089*** 

(0.3325) 
 

1.0041*** 

(0.3329) 
 

0.9049*** 

(0.3366) 
 

0.7528** 

(0.3320) 
 

0.7587** 

(0.3319) 
 

M leave rank  
D leave rank 
Obs = 41,865 
 

0.0373*** 

(0.0054) 
 

0.0528*** 

(0.0070) 
 

0.0473*** 

(0.0069) 
 

0.0302*** 

(0.0069) 
 

0.0301*** 

(0.0070) 
 

0.0291*** 

(0.0071) 
 

0.0237*** 

(0.0069) 
 

0.0245*** 

(0.0069) 
 

M leave rank, rank<50 
D leave rank 
Obs = 2,390 
 

0.0038 

(0.0699) 
 

0.0260 

(0.0748) 
 

0.0233 

(0.0742) 
 

0.0184 

(0.0735) 
 

0.0297 

(0.0732) 
 

0.0386 

(0.0742) 
 

0.0597 

(0.0739) 
 

0.0588 

(0.0742) 
 

M leave rank, rank >50 
D leave rank 
Obs = 11,314 
 

0.0634*** 

(0.0198) 
 

0.0626*** 

(0.0208) 
 

0.0599*** 

(0.0207) 
 

0.0446** 

(0.0206) 
 

0.0451** 

(0.0208) 
 

0.0439** 

(0.0208) 
 

0.0386* 

(0.0207) 
 

0.0421** 

(0.0207) 
 

Mother controls          
Time trend and time sq   Yes Yes Yes Yes Yes Yes Yes 
Demographics   Yes Yes Yes Yes Yes Yes 
Educ, HH earnings, labour market info    Yes  Yes Yes Yes Yes 
Birth info      Yes Yes Yes Yes 
Daughter controls          
Time trend and time sq       Yes Yes Yes 
Demographics      Yes Yes Yes 
Educ, earnings, labour market info       Yes  
Birth info         Yes  
Note: All rank measures are constructed on the basis of the top-bottom coded leave variables.  
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In the third row of Table 3 we move to rank-rank associations (based on the top and bottom coded 

leave variable), all of which are significant and in the fullest model (column 8) show that a 1 

percentile increase in the rank in the leave distribution of mothers implies an 0.25 percentile 

increase in the rank in the daughters’ leave distribution. Another way of expressing this result is 

that mothers who are 10 ranks apart in the leave distribution will have daughters who are 2.5 ranks 

apart in their leave distribution. 

Moving down to row (4), we show results when we consider the rank for mothers who take a 

relatively short (less than median, 0/1) leave. Taking a shorter leave than the norm may be a 

stronger signal of the mothers’ preferences and may convey an important message that affects 

daughters own leave decisions. However, considering the rank-rank correlation for mothers who 

take a relatively short leave, we find no significant effects on daughters, no matter the specification. 

Thus, mothers who take a shorter leave than most other mothers are not associated with daughters 

having a lower or higher rank in their leave distribution.  

Looking now at mothers who take a relatively long (> median, 0/1) leave, we see a significant 

positive association in terms of their daughters’ rank in the leave distribution. The coefficient is 

statistically significant and in the fullest specification around 0.4, meaning that a 10 percentile 

increase in the mother’s leave distribution (when being above the median) is associated with a 4 

percentile increase in the daughter’s leave distribution.  

Thus, measuring the mothers’ leave as a rank, when taking a long leave length relative to the 

median, indicates a stronger association between daughters and mothers than when considering 

the full distribution of mothers’ leave. This may be explained by the large mass of mothers who 

simply take up all available leave (see Figure 1).   

In additional estimations (not shown here), we have computed associations where we measure both 

the mother and daughter’s leave in weeks. We have also tried computing the association where we 

defined the indicator for taking a long or a short leave as taking more or less than the respective 

number of weeks mothers and daughters are entitled to (the norm). We find very similar 

associations using these alternative measures compared to the ones shown in Table 3.  
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6.2 Transmission of leave decisions from mothers to daughter’s (in law) 

Next, we study whether the 1984 parental leave reform had any spillover effects from mothers to 

daughters. While the previous section showed a statistically significant association between 

mothers’ and daughters’ leave decisions, this section asks whether the association can be 

considered a causal effect.   

6.2.1 Graphical Results 

As a starting point, we first show a graphical illustration of the reform effect (Equation 3) in Figure 

4. Here we consider the average leave duration for all first-generation mothers in our sample giving 

birth in a 60 days’ window on either side of the cut-off date March 26, 1984. The running variable 

is their daughters’ birthday. Each bin depicts the average leave length on each birth date, and the 

figure includes a fitted quadratic regression line for either side of the cutoff date.17 Mothers in the 

pre-reform window take around 14 weeks (98 days) of post-birth leave (corresponding to the full 

amount available), whereas they take around 19 weeks (134 days) in the post-reform window, 

corresponding to an average increase of around 36 days. The 1984 parental leave reform allowed 

for 6 additional weeks of leave corresponding to 42 additional days. Thus, the 1984-reform 

increased mothers’ average leave taking substantially.  

Next, in Figure 5 we show graphical results for the reduced form model (Equation 2) for daughters’ 

average leave taking behavior, and Figure 6 shows daughter’s likelihood to take a long (>median 

number of weeks) leave.  

Remember, that any jump around the cutoff is the ITT estimate. All daughters are eligible for the 

same length of parental leave since rules are constant during the birth of their children during the 

years 2002-2018. The only difference between daughters born on either side of the cutoff date is 

that daughters born at March 26 or later had a mother who was eligible for 6 weeks of additional 

leave. There do not seem to be any difference in daughters’ average leave taking. However, there 

                                                            
17 A closer look at the data shows that the actual jump in the data already occurs at March 25, 1984, and we 
therefore exclude this date in all future analyses. 
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is a jump in daughters’ likelihood of taking a long leave (1/0).18 The discontinuity is not driven by 

outliers, as the leave variable has been top and bottom coded (1% in each case).  

 

Figure 4. Mother’s Average Post-Birth Leave around March 26 

 

 

Figure 5. Daughter’s average leave taking. 

 

 

 

                                                            
18 In additional analyses not shown here, graphs for daughter’s likelihood to take a long leave (1/0) using an 
Epanechnikov kernel and different order polynomials also indicate a jump at the cutoff date.  
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Figure 6. Daughters’ likelihood to take a short leave (<median weeks, left panel) or long leave 
(>median weeks, right panel) 
 

   
 

6.2.2 Regression Results: Reduced form estimation of daughters’ leave decision 

In the regression-based estimates we focus on daughter’s likelihood to take a long leave (1/0), but 

results have been estimated for alternate measures of daughter’s leave (see Appendix C1-C4).  

 

In Table 4, we show reduced form results using different time windows and both OLS and Local 

Polynomial Regression estimation of Equation 2, a linear trend in birthdate on either side of the 

cutoff date and standard errors clustered at the daughter’s level. We include pre-determined 

variables for the 1984-mothers to gain precision. Pre-determined variables include demographic 

variables, education (own and relative education), household earnings and relative earnings (i.e., 

labour market compensation not including transfers), other labour market information and birth-

related variables. When we require observing the mother’s actual leave taking, our maximum time 

window is 84 days on either side of the cutoff date (excluding March 25, 1984), since data on 

mothers’ leave is not available before January 1st, 1984. 

In column (3), we use the full time window available and a symmetric number of days on either 

side of the cutoff date. Daughters born to mothers who were marginally eligible for a longer leave 

are 3.86 percentage points more likely to take a longer than median leave (47 weeks). Column (1) 

and column (2) show results using a time window of approximately one and two months on either 

side of the cutoff, yielding ITT estimates of 3.60 and 2.95 percentage points, respectively. Yet, 

these ITT estimates are not statistically significant, and p-values increase when the time window 
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reduces. Similarly, the number of observations (unique births by daughters 2002-2018) reduces 

from 11,687-4,147 throughout column (1)-(3).  

In column (4) the sample is extended to include mothers for whom we do not observe an exact 

leave period. This increases sample size to 13,489 observations and both size and significance of 

the ITT estimate is increased to 4.25 percentage points.  Finally, in Column (5), the ITT estimate 

of 4.02 percentage points is based on a specification with a triangular kernel, local polynomial of 

order 1 and NN-clustered standard errors. Rerunning table 4 without any control variables or with 

the additional inclusion of a time trend and a time trend squared for the grandchild(ren)’s birthdate 

does not change results (results available from the authors).   

 
Table 4. Reduced Form Estimates (ITT) - Daughter takes a long (>median) leave (1/0) 

 
Mother’s leave observed Mother’s leave not observed for 

all observations 

 

29 days 
window 
(OLS) 

59 days 
window 
(OLS) 

84 days 
window 
(OLS) 

84 days 
window 
(OLS) 

84 days 
window 
(Local 

Polynomial 
Regression) 

  (1) (2) (3) (4) (5) 
ITT 0.0360 0.0295 0.0386** 0.0425*** 0.0402** 
 (0.0294) (0.0200) (0.0169) (0.0157) (0.0167) 
  [0.222] [0.140] [0.0230] [0.0070] [0.016] 
Observations 
 

4,147              8,425 11,687 13,489 
 

13,489 

Outcome Mean 
(control group) 0.2509 0.2464 0.2522 0.2511 

 
0.2512 

Notes: The sample includes all births by daughters born in different time-windows on either side of the cut-off date 
March 26, 1984 (excluding March 25, 1984). Includes a linear function of distance to cutoff on either side of the 
cutoff and the following background variables on the 1984-mother: immigrant (1/0), descendant (1/0), age at birth 
year, no registry of father (1/0) college (1/0), high school/vocational training (1/0), ln(household earnings), self-
employed (1/0), public adm./teaching/health/social institutions (1/0), acc. exp., acc. exp. squared, firm share of 
women in management, firm's full time equivalent, daughter's birthweight, daughter was a multiple birth (1/0), 
daughter is firstborn (1/0). Missings are handled with a dummy approach. Standard errors are clustered at the 
daughter-level. In Column (5) estimates have been calculated using local polynomial regressions discontinuity 
estimation using the 'rdrobust' package by Calonico et al. (2014; 2018), see Appendix B, Table B2, Column (5) 
using a triangular kernel, a local polynomial of order 1 and NN-clustered standard errors. 

*p<0.10, **p<0.05, ***p<0.01. Squared brackets indicate p-values of the treatment effects. 
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6.2.3 Robustness checks 

The requirement of observing the mother’s actual leave decision puts a natural limitation of the 

number of days on each side of the cutoff date that we can analyze. Similar to Table 4, Column 

(1) - (3), we start by considering ITT estimates using different time windows and an OLS 

estimation of Equation 2, see Table 5. Our broadest time window now includes all children born 

in a 280 days or 40 weeks interval on either side of the cutoff date March 26, 1984 (excluding 

March 25, 1984). The argument for considering this time window is the fact that a pregnancy lasts 

(approximately) 40 weeks. However, using such a broad time window may be troublesome as 

some mothers may have reacted to either the discussions of the new parental leave rules in October, 

1983, or the decision of the new rules at December, 7, 1983.  

Assuming naively that all pregnancies last 40 weeks, mothers cannot give birth later than 

September 12, 1984, if we are to ensure that the timing of birth was unaffected by the decision of 

the new rules at December 7.  Considering a symmetric time window on either side of the cutoff 

date, this means we can at maximum consider a 170 day interval. Similarly, mothers cannot give 

birth later than July 7, 1984, to ensure that the timing of birth was not affected by the discussion 

of the new rules either (assuming the discussion started October 1). Considering a symmetric time 

window on either side of the cutoff date, this means that we at maximum can consider a 103 day 

interval on either side of the cutoff date.  

Table 5 shows reduced form estimates with different manually chosen time windows using an OLS 

estimator similar to Table 4, but it does not require that we observe the mother’s leave decision. 

Column (1) shows results using a 280 days (40 weeks) time window, column (2) a 170 days’ time 

window and column (3) a 103 days’ time window. Column (4)-column (6) consider time intervals 

similar to table 4, i.e. 84 days, 59 days and 29 days. Once again, March 25, 1984 is excluded in all 

specifications.  

Ensuring that mothers cannot react to either the discussion or the decision of the new parental leave 

rules (column (3) and forward) yields a relatively stable ITT coefficient in the range of 3.20-4.25 

p.p. With the exception of the smallest of these time windows, all are statistically significant at a 

10% or lower significance level. The number of observations is naturally higher with wider time 

windows. Coefficient estimates in columns (4)-(6) are about the same compared to when we 

restrict only to daughters where we observe the mother’s actual leave taking. Intuitively, we would 
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expect the latter to have a larger effect (since directly affected mothers would be expected to affect 

their daughters more). Yet, taking the uncertainty of our estimation results into account, the 

estimates in Table 4 and Table 5 seem to be within reasonable range of each other.  

Using the 170 days’ time window, the coefficient estimate is no longer significantly different from 

zero and the coefficient reduces to 1.69 p.p. However, if mothers’ timing of births is affected by 

the discussion of the new rules in October 1983, the reform cannot be argued to be exogenous for 

all mothers in this time interval. Using the broadest time window reduces the coefficient to only 

0.0053 p.p., but here it becomes even harder to argue that the introduction of the reform was 

exogenous to all mothers in the considered time window. Thus, if we want to ensure that mothers 

did not time their birth or react to either the announcement or the decision of the new parental 

leave rules, OLS estimates using the larger sample seems to support a conclusion of positive 

spillover effects from mothers to daughters. Additionally, they support the idea that the lack of 

significance in the smaller windows in Table 4 can be explained by a lack of power.  

 

Table 5. Reduced Form Results - Daughter takes a long (>median) leave (1/0) 

 

280 days 
window 
(OLS) 

170 days 
window 
(OLS) 

103 days 
window 
(OLS) 

84 days 
window 
(OLS) 

59 days 
window 
(OLS) 

29 days 
window 
(OLS) 

  (1) (2) (3) (4) (5) (6) 
ITT 0.0053 0.0169 0.0320** 0.0425*** 0.0361* 0.0397 
 (0.0087) (0.0111) (0.0141) (0.0157) (0.0186) (0.0273) 
  [0.545] [0.126] [0.024] [0.007] [0.053] [0.147] 
Observations 43,338 26,459 16,362 13,489 9,677 4,754 
Outcome Mean 
(control group) 0.2540 0.2507 0.2530 0.2512 0.2463 0.2243 

Notes: The sample includes all births by daughters born in different time-windows on either side of the cut-off date 
March 26, 1984 (excluding March 25, 1984). Includes a linear function of distance to cutoff for either side of the 
cutoff and the following background variables on the 1984-mother: immigrant (1/0), descendant (1/0), age at birth 
year, no registry of father (1/0) college (1/0), high school/vocational training (1/0), education higher than partner (1/0), 
education lower than partner (1/0), ln(household earnings), share of household earnings, self-employed (1/0), public 
adm./teaching/health/social institutions (1/0), share of women in management, acc. exp., acc. exp. squared, firm's full 
time equivalent, daughter's birthweight, daughter was a multiple birth (1/0), daughter is firstborn (1/0). Missings are 
handled with a dummy approach. Standard errors are clustered at the daughter-level.  

*p<0.10, **p<0.05, ***p<0.01. Squared brackets indicate P-values of treatment effect  
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6.2.4 Effects on daughters-in-law 

Studies mentioned earlier by Fernandez et al. (2004), Farre and Vella (2013) and Johnston et al. 

(2014) showed that women pass on their views, attitudes, and labour supply behavior not only to 

their daughters and sons, but also to the partners of their children, and in particular daughters-in-

law are affected via the woman’s son. On the other hand, Kleven et al. (2019) in a slightly different 

context did not find a relationship between mothers’ relative labour supply and child penalties 

experienced by sons.   

In Table 6 therefore, we test whether women exposed to the 1984 reform also influenced their 

daughters-in-law’s maternity leave lengths. Daughters-in-law are defined as the female partner of 

the son born in the respective window and who are parents themselves.  

 

Table 6. Reduced Form Estimates (ITT). Daughter-in-law takes a long (>median) leave 
(1/0) 

 
Mother’s leave observed Mother’s leave not observed for 

all observations 

 

29 days 
window 
(OLS) 

59 days 
window 
(OLS) 

84 days 
window 
(OLS) 

84 days 
Window 
(OLS) 

84 days 
window 
(Local 

Polynomial 
Regression) 

 (1) (2) (3) (4) (5) 
ITT 0.0160 -0.0066 -0.0307 -0.0181 -0.0026 
 (0.0412) (0.0281) (0.0235) (0.0216) (0.0235) 
       
Observations 3,098 6,314 8,842 10,143 10,143 
Notes: The sample includes all births by daughters-in-law born in different time-windows on either side of the cut-
off date March 26, 1984 (excluding March 25, 1984). Includes a linear function of distance to cutoff on either side 
of the cutoff and the following background variables on the 1984-mother: immigrant (1/0), descendant (1/0), age 
at birth year, no registry of father (1/0) college (1/0), high school/vocational training (1/0), ln(household earnings), 
self-employed (1/0), public adm./teaching/health/social institutions (1/0), acc. exp., acc. exp. squared, firm share of 
women in management, firm's full time equivalent, son's birthweight, son was a multiple birth (1/0), son is firstborn 
(1/0). Missings are handled with a dummy approach. Standard errors are clustered at the daughter-in-law level. In 
Column (5) estimates have been calculated using local polynomial regressions discontinuity estimation using the 
'rdrobust' package by Calonico et al. (2014; 2018), see Appendix B, Table B2, Column (5) using a triangular kernel, 
a local polynomial of order 1 and NN-clustered standard errors. 

*p<0.10, **p<0.05, ***p<0.01. Squared brackets indicate p-values of the treatment effects. 
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Focusing again on the probability of taking a long leave, we find no significant reduced form effect 

of the reform in this case. One explanation could be that mothers do not affect their sons’ child 

penalties as also found by Kleven et al. (2019) in this setting, and indeed, the take-up of paternity 

leave is quite low over this period. And when sons are themselves unaffected by the reform, there 

seem to be no spillover effect on their partners. 

6.2.5 Gender Identity Norms 

Finally, we explore whether an intergenerational transfer of gender identity norms underlies the 

finding that the reform causally raised the probability of daughters taking a long leave. To do so 

we include two measures of gender identity norm – relative education (education lower than 

partner (1/0), education higher than partner (1/0)) and relative earnings (mother’s share of 

household earnings) to the model presented in Table 4. These are only available for the first 

generation of mothers. This re-estimation of our basic model with the inclusion of gender identity 

norms is presented in Table 7.   

 
Table 7. Reduced Form Estimates (ITT). Daughter takes a long (>median) leave (1/0), 
Controlling for Gender Identity Norms 

 

Mother’s leave observed Mother’s leave not 
observed for all 

observations 

 

29 days 
window 
(OLS) 

59 days 
window 
(OLS) 

84 days 
window 
(OLS) 

84 days 
window 
(OLS) 

84 days 
window 
(Local 

Polynomial 
Regression) 

  (1) (2) (3) (4) (5) 
ITT 0.0360 0.0289 0.0373** 0.0414*** 0.0402** 
 (0.0294) (0.0200) (0.0169) (0.0157) (0.0167) 
  [1.220] [0.148] [0.028] [0.009] [0.016] 
Observations 4,147 8,425 11,687 13,489 13,489 
Outcome Mean (control group) 0.2509 0.2464 0.2522 0.2511 0.2512 
Notes: The sample includes all births by daughters born in different time-windows on either side of the cut-off date 
March 26, 1984 (excluding March 25, 1984). Includes a linear function of distance to cutoff on either side of the cutoff 
and the following background variables on the 1984-mother: immigrant (1/0), descendant (1/0), age at birth year, no 
registry of father (1/0) college (1/0), high school/vocational training (1/0), ln(household earnings), self-employed (1/0), 
public adm./teaching/health/social institutions (1/0), acc. exp., acc. exp. squared, firm share of women in management, 
firm's full time equivalent, daughter's birthweight, daughter was a multiple birth (1/0), daughter is firstborn (1/0), plus 
mother education lower than partner (1/0), mother education higher than partner (1/0). mother’s share of household 
earnings. Missings are handled with a dummy approach. Standard errors are clustered at the daughter-level. In Column 
(5) estimates have been calculated using local polynomial regressions discontinuity estimation using the 'rdrobust' 
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package by Calonico et al. (2014; 2018), see Appendix B, Table B2, Column (5) using a triangular kernel, a local 
polynomial of order 1 and NN-clustered standard errors. 

*p<0.10, **p<0.05, ***p<0.01. Squared brackets indicate p-values of the treatment effects.  

 

Relative education is only computed when the partner is observed and when both individuals’ 

education information is available. However, we include a dummy for missing relative education 

also. When calculating relative earnings, we zero out any cases of negative earnings for either of the 

individuals in the couple. If both parents have zero earnings, then household earnings is set to an 

implausible value in the data and relative earnings is set to missing. As usual, dummies for missing 

information are added to the model.  

The results appear in Table 7 and show a small reduction in the estimates (by about 0.011-0.013 p.p 

when significant). Thus, our results concerning intergenerational transmission or take up of parental 

leave seem only partially explained by the variables proxying gender identity norms in the mother’s 

household included here but cannot rule out other channels of transmission.19 

 

7. Conclusion 

This paper focuses on the intergenerational transmission of gender stereotypical choices of mothers 

relating to their maternity leave length to their daughters. First, we document a positive association 

between mothers’ and daughters’ leave decisions. In particular, mothers who take a relatively long 

leave are associated with daughters who also take longer leave periods. While this association 

reduces when controlling for mothers’ and daughters’ background characteristics, it remains 

statistically significant. Second, by exploiting a major reform of the Danish parental leave system in 

1984 we find suggestive evidence of positive spillover effects of parental leave reforms from one 

generation to the next.  

                                                            
19For instance, in future analyses we will also include the same proxies for norms in the daughter’s household when 
these data become available. Also, in all the analyses so far, we limit the samples to contemporaneous daughters and 
sons born in the 84-day window. In future analyses we will expand the sample to include older siblings who could 
potentially recall (and have been affected by) the leave length taken by their mother in 1984.  
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On average, the reform induces the 1984-mothers to increase their leave length with around 36 days. 

We find a positive and significant intergenerational correlation (IGE and rank coefficient) between 

mothers’ and daughters’ take up of maternal and parental leave. However, when estimating the 

intention-to-treat effect, we find no effects on daughters’ average leave taking behavior. Instead, we 

find suggestive evidence that the reform increased daughters’ likelihood to take a relatively long 

leave. Coefficient estimates of the intention-to-treat effect varies from around 3 p.p. to 7.5 p.p. with 

a majority of estimates centering around 4 p.p., but are statistically significant only 60% of the time. 

Relative to the control group mean, a 4 p.p. enhanced probability to take a long leave means that the 

reform induces a 16% higher probability of a long leave in the daughter generation.  

Further, we analyse whether mothers also pass on choices relating to maternity leave to their 

daughters-in-law but do not find evidence of this occurring, possibly because mothers do not affect 

their sons’ behavior in this setting.  

Finally, we explore whether our results are robust to the inclusion of some simple proxies for gender 

identity norms, i.e. whether the intergenerational transmission of mothers’ leave decisions is 

reflecting an underlying mechanism of transmission of gender identity norms, albeit measured only 

at the mother’s household level. There appears to be a small role for the relative education and 

relative earnings of the mother compared to her partner, which could be proxies for the daughter 

growing up in a gender stereotypical household. However, we cannot rule out transmission between 

mothers and daughters of other beliefs or preferences relating to gender identity that are not captured 

by relative education or relative labour market standing. Neither do they capture the gender identity 

norms at the level of the daughter’s household. It is possible that mothers do not necessarily change 

the stereotype in their own lives but can influence their daughters to do so. Future research can 

expand the sample to include older siblings who were potentially also affected by their mother’s 

leave length and explore alternative mechanisms behind the intergenerational transmission of gender 

stereotypical maternity leave length choices from mothers to their daughters.      
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APPENDIX  

A. Leave Measures from SGDP and the conversion between weeks and days of leave. 

The register for Sickness and Unemployment Benefits (SGDP) includes payment and associated 

periods with benefits for pregnancy and birth leave from 1995-2016. In practice, 2013 seems to be 

the last year with sufficient information on leave since the registry of parental leave periods and 

payments is delayed in some cases. According to Statistics Denmark, delayed registry is especially 

widespread in cases where the employer receives leave benefits. This is common since the 

employer receives the leave benefits as reimbursement from the state when the worker receives 

wage during leave.   

In contrast to the DREAM data, SGDP can differentiate between periods on full- and part-time 

leave and includes information about the total leave benefits paid to both employer and employee. 

Moreover, cases regarding birth and pregnancy leave includes information about the child in 

question.  

In SGDP, we measure the total number of birth related leave days a parent takes in association 

with a given child until two years after birth or until the birth of the next child. In this context, we 

consider only births taken place at least 22 weeks after the current child’s birthday. According to 

the official rules, a mother’s post birth leave starts at the day after birth whereas a father’s leave 

can start at the day of birth. We measure the number of days on birth-related leave accordingly.  

Following Beuchert et al. (2016) we disregard maternal leave periods with paid maternity leave 

summing to less than two weeks as we interpret these as being observations where mothers are not 

eligible for receiving leave benefits. Finally, we cap our measure at a maximum of two full years 

(731 days allowing for a leap year).  SGDP can differentiate between periods on full- and part-

time leave, but it does not contain the actual number of (full-time) leave days. Information about 

the weekly number of working hours when on part-time leave does not exist before 2005. Instead, 

we use one measure that includes only full-time leave and another measure that includes the total 

period on either full-time or part-time leave.  

Figure A1, zooms in on the actual number of leave days the mother takes focusing on week 19 and 

week 20. It is clear that the norm of the distribution is 138 days. The fact that a full month in SHSS 
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is always measured as 30 days, may explain the fact that the norm is actual a few days smaller than 

a full 20 weeks (140 days) of leave.  

 

Figure A1.  The Distributions of Mothers’ Leave in Days, March 26, 1984-February 10, 1985 

 

 

In Figure A2, we show the distribution of mother’s leave in weeks in the period March 26, 1984-

February 10, 1985. This figure can be compared to Figure 1 in the  text, where we also include the 

period February 11, 1985-December 31, 1985, in which the parental leave part of the leave was 

extended by 4 weeks.  
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Figure A2.  The Distributions of Mothers’ Leave in Weeks, March 26, 1984-February 10, 

1985 

 

 

B. Additional estimations using different model specifications 

Some additional estimations are presented below on the dependent variable (Daughter takes a long 

(>median) leave (1/0)) employed in the main specifications.  In Table B1, we show reduced form 

results (based on Equation 2) using different model specifications including the same control 

variables as in Table 4. Column (1)-(3) show conventional and bias-corrected (with and without 

robust bias-corrected inference) estimates using local polynomial regressions and a mean squared 

error (MSE) optimal choice of bandwidth, MSERD (for details, see Calonico et al., 2020), but 

varies the type of kernel and orders of polynomials using the ‘rdrobust’ package by Calonico et al. 

(2014; 2018). In column (1), a triangular kernel is applied and the order of the local polynomial is 

set to 1. Relative to column (1), the model specification in column (2) increases the order of the 

local polynomial to 2, whereas the model specification in column (3) uses a uniform kernel. In 

column (4), the bandwidth choice on either side of the cutoff is constructed as the average of 3 

MSE optimal bandwidths and 3 coverage error-rate (CER) optimal bandwidths, but otherwise the 

model is specified as in column (1). Standard errors in all models are calculated using a cluster–
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robust nearest neighbor (NN) based variance estimators, clustered at the daughter-level. Using 

either a NN variance estimator or classical clustering does not change anything. 

 

Overall, conventional estimates obtained using local polynomial regressions and optimal 

bandwidth choices (column 1-4) are relatively stable, but almost one and a half times the size of 

results with manually chosen bandwidth and OLS estimation in Table 4 (range: 4.92-6.23 p.p.). 

Bias-corrected estimates vary more ranging from 5.32-6.81 p.p. but are still around twice the size 

than the OLS estimates with manually chosen bandwidths from Table 4.  Generally, estimates 

obtained with optimal bandwidth selection are statistically insignificant. This is perhaps not 

surprising when the optimal bandwidth choices range from around 15-35 days on either side of the 

cutoff date.  

 

Furthermore, a triangular kernel puts relatively more weight on observations closer to the cutoff 

date. This contrasts with using OLS, which puts equal weight on all observation within the 

considered bandwidth (corresponds to using a uniform kernel). Thus, in practice, all considered 

time windows using optimal bandwidth selection either uses a smaller time window or focuses 

more on observations close to the cutoff date than the smallest time window applied in Table 4. 

Generally, the more control variables we include, the higher the p-values indicating that precision 

of our results could be higher. Nevertheless, the fact that the coefficient estimates increase as much 

as they do when using a “small” time window is more concerning than the lack of statistical 

significance. 

 

Finally, in Table B1, column (5), the chosen bandwidth length is manually set such that the 

included number of observations corresponds to results from the OLS regression in Table 4, with 

the largest time window. In all other aspects, the model in Table 4, column (3) is specified as in 

column (1) with a triangular kernel, a local polynomial of order 1 and NN-clustered standard 

errors. Here the conventional (bias-robust) ITT estimate is 3.37 (2.51) p. p. which is much closer 

to the estimates from Table 4 than when using optimal bandwidth selection. Thus, while the choice 

of kernel and polynomial does not seem to affect coefficient estimates that much, using ‘small’ 

(optimal) choices of bandwidth instead of manual chosen bandwidths effectively ranging from 29-

84 days does. 
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Table B1. Reduced Form Results - Daughter takes a long (>median) leave (1/0) 
  (1) (2) (3) (4) (5) 
Conventional  0.0535 0.0609 0.0492 0.0623 0.0337*  

(0.0416) (0.0457) (0.0424) (0.0444) (0.0180)  
[0.198] [0.182] [0.246] [0.160] [0.061] 

Bias-corrected  0.0591 0.0643 0.0532 0.0681 0.0251  
(0.0416) (0.0457) (0.0424) (0.0444) (0.0180)  
[0.155] [0.159] [0.210] [0.124] [0.162] 

Bias-corrected w. 
robust bias-corrected 
inference 

0.0591 0.0643 0.0532 0.0681 0.0251 
(0.0512) (0.0535) (0.0502) (0.0502) (0.0267) 
[0.248] [0.230] [0.290] [0.174] [0.347] 

Observations  
     

In total 2803 5081 2225 2434 11678 
Effective obs. LHS 1257 2374 981 1190 5487 
Effective obs. RHS  1546 2707 1244 1244 6200 
Order of local 
polynomial 

     

Main (p) 1 2 1 1 1 
Bias (q) 2 3 2 2 

 

LHS BW est. (h) 19.36 35.51 15.85 18.41 86 
RHS BW est. (h) 19.36 35.51 15.85 15.41 86 
LHS BW bias (b) 31.9054 49.84 29.00 37.55 86 
RHS BW bias (b) 31.9054 49.84 29.00 30.79 86 
Kernel Type Triangular Triangular Uniform Triangular Triangular 
BW Type Mserd Mserd Mserd Manual Manual 
Notes: Our initial sample consist of all births by daughters born within 84 days on either side of the 
cutoff-date (excluding March 25, 1984) and where their mother's leave decision can be observed. 
Estimates have been calculated using local polynomial regressions discontinuity estimation using the 
'rdrobust' package by Calonico et al. (2014; 201). The bias-corrected estimates and robust bias-
corrected standard errors are calculated following Calonico, Cattaneo, and Titiunik (2014, 
Econometrica 82: 2295–2326). All specifications exclude March 25, 1984, and include the same 
background variables on the 1984-mother as in Table 4.  In column (1)-(3) the MSE-optimal 
bandwidth, MSERD, has been used to determine the main bandwidth (h) and initial bandwidth used 
to estimate the bias (b). In (4) the chosen bandwidth (h) and associated bias bandwidth (b) are the mean 
of 3 MSE-optimal bandwidths (mserd, msesum and msetwo] and 3 CER-optimal bandwidth selectors 
[cerrd, certwo and cersum] and associated bias bandwidths. Column (5) sets the bandwidth manually 
to 86 days (effective ensuring that 84 days on either side of the cutoff date are being used when 
excluding March 25, 1984). Standard errors are calculated a cluster–robust nearest neighbor (NN) 
based variance estimators, clustering at the daughter-level. *p<0.1,0 **p<0.05, ***p<0.01. Squared 
brackets indicate P-values of treatment effects.  

 
Coefficient estimates in Table B1 are consistently positive, but it is troublesome that the ITT 

coefficient size almost doubles using optimal bandwidth choices instead of manual chosen 
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bandwidth choices. This makes us conclude that there is suggestive evidence that daughters born 

to mothers who were marginally eligible for the new parental leave rules in 1984 are more likely 

to take a long parental leave themselves. Yet, the uncertainty regarding these results makes us 

reluctant to exclude the possibility that perhaps there is no effect on daughters. 

 

In Table B2, we turn to our reduced form results using different specification similar to Table 5. 

Our initial sample (before choosing optimal bandwidth lengths) now includes all daughters born 

within a 280 days or 40 weeks window on either side of the cutoff date (excluding March 25, 

1984). Now, the conventional (bias-corrected) ITT estimates using local polynomial regressions 

and optimal bandwidth selection (columns 1-4) are within the range 3.43-4.62 p.p. (4.02-4.86 p.p) 

and all statistically significant at a 10% significance level. This is much closer to the results with 

manually chosen bandwidth estimated with OLS from both Table 4 and Table 5 (when requiring 

that mothers are already pregnant in the beginning of October 1983). The optimal bandwidth 

choices are now much wider too, ranging from around 54 days to 119 days.  

In column (5) and (6), we use a triangular kernel, a local polynomial of order 1 and NN-clustered 

standard errors, but set the bandwidth manually such that it corresponds to the reduced form 

estimations from Table 5 with time windows of 84 and 103 days, respectively. Once again, the 

choice of model specification does not seem to be important, as the ITT estimates using a different 

model specification, but a similar time window are relatively close to the ones obtained in Table 5 

(and generally statistically significant too).  

Thus, these results seem to confirm that coefficient estimates are relative stable for time windows 

within the range of approximately 29-120 days. Focusing on observations even closer to the cutoff 

date (optimal bandwidth choices from Table 4), shows larger coefficients and insignificant results. 

Larger time windows (where we cannot credibly argue that 1984 parental leave reform was 

exogenous to all mothers) show smaller coefficients and insignificant results too. Thus, we are 

now more prone to believe that there are potentially positive spillover effects from mother’s to 

daughter’s likelihood of taking a long leave, but not any (statistical significant) effect on daughter’s 

average leave or likelihood to take short leave. To formally verify this claim we show 

corresponding results below for the latter two probabilities and other ways of defining the 

dependent variable. 
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Table B2 Reduced Form Results - Daughter takes a long (>median) leave (1/0) 
  (1) (2) (3) (4) (5) (6) 
Conventional  0.0389** 0.0462** 0.0343* 0.0373* 0.0402** 0.0396***  

(0.0180) (0.0209) (0.0191) (0.0197) (0.0167) (0.0151)  
[0.031] [0.027] [0.073] [0.059] [0.016] [0.009] 

Bias-corrected  0.0451** 0.0486** 0.0402** 0.0405** 0.0374** 0.0402***  
(0.0180) (0.0209) (0.0191) (0.0197) (0.0167) (0.0151)  
[0.012] [0.020] [0.036] [0.040] [0.025] [0.008] 

Bias-corrected w. 
robust bias-corrected 
inference 

0.0451** 0.0486** 0.0402* 0.0405* 0.0374 0.0402* 
(0.0208) (0.0238) (0.0218) (0.0220) (0.0248) (0.0223) 
[0.031] [0.041] [0.066] [0.065] [0.123] [0.072] 

Observations  
     

 
In total 11,868 18,668 8,913 9,986 13,489 16,362 
Effective obs. LHS 5,605 8,816 4,238 4,560 6,442 7,762 
Effective obs. RHS  6,263 9,852 4,675 5,426 7,047 8,600 
Order of local 
polynomial 

     
 

Main (p) 1 2 1 1 
 

 
Bias (q) 2 3 2 2 

 
 

LHS BW est. (h) 73.32 119.33 54.61 59.76 86 105 
RHS BW est. (h) 73.32 119.33 54.61 63.73 86 105 
LHS BW bias (b) 127.89 163.21 107.17 120.03 86 105 
RHS BW bias (b) 127.89 163.21 107.17 130.42 86 105 
Kernel Type Triangular Triangular Uniform Triangular Triangular Triangular 
BW Type Mserd Mserd Mserd Manual Manual Manual 
Notes: Our initial sample consist of all births by daughters born within 40 weeks on either side of the cutoff-
date (excluding March 25, 1984). Estimates have been calculated using local polynomial regressions 
discontinuity estimation using the 'rdrobust' package by Calonico et al. (2014; 2017). The bias-corrected 
estimates and robust bias-corrected standard errors are calculated following Calonico, Cattaneo, and 
Titiunik (2014, Econometrica 82: 2295–2326). All specifications exclude March 25, 1984, 1984 and include 
the same background variables on the 1984-mother as in Table 4.  In columns (1)-(3) the MSE-optimal 
bandwidth, MSERD, has been used to determine the main bandwidth (h) and initial bandwidth used to 
estimate the bias (b). In (4) the chosen bandwidth (h) and associated bias bandwidth (b) are the mean of 3 
MSE-optimal bandwidths (mserd, msesum and msetwo] and 3 CER-optimal bandwidth selectors [cerrd, 
certwo and cersum] and associated bias bandwidths. Column (5)/(6) sets the bandwidth manually to 86/105 
days (effective ensuring that 84/103 days on either side of the cutoff date are being used when excluding 
March 25, 1984). Standard errors are calculated a cluster–robust nearest neighbor (NN) based variance 
estimators, clustering at the daughter-level. *p<0.1,0 **p<0.05, ***p<0.01. Squared brackets indicate P-
values of treatment effects. 
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C. Additional estimations on different definitions of the dependent variable 

Here we show estimations on alternative definitions of the dependent variable, considering the 

cases where the daughter takes a short leave (C1), the median amount of leave (C2), when her 

leave is measured in weeks (C3) and a 14-day donut regression of Table 4 results (C4). Results for 

both the daughter’s likelihood of taking a short leave and the daughter’s likelihood of median 

amount of leave yield negative coefficients. In both cases, all estimates are highly insignificant. 

This was also expected from the graphical results in Section 6.2.1.  

When the daughter’s leave is measured in weeks the estimates generally lose significance. 

However, for the larger sample 84-days window (column 4), the T-statistic is >1.   

Finally, returning to the dependent variable-Daughter takes a long (>median) leave (1/0) and 

dropping the 14 days before and after the threshold does not change the results and produces a 

significant 5 p.p. increase in the daughter taking a long leave in specifications (3)-(5) as before.  

 
Table C1. Reduced Form Estimates (ITT) – Daughter takes a short (<median) leave (1/0) 

 

Mother’s leave observed Mother’s leave not 
observed for all 

observations 

 

29 days 
window 

59 days 
window 

84 days 
window 

84 days 
window 
OLS 

84 days 
window 
RDD 

  (1) (2) (3) (4) (5) 
ITT -0.0337 -0.0107 -0.0249 -0.0259 -0.0192 
 (0.0350) (0.0242) (0.0202) (0.0189) (0.0204) 
  [0.3347] [0.6597] [0.2180] [0.170] [0.345] 
Observations 4,147 8,425 11,687 13,489 13,489 
Outcome Mean (control 
group) 0.4730 0.5031 0.4979 0.4862 

 
0.4862 

Notes: The sample includes all births by daughters born in different time-windows on either side of the cut-off date 
March 26, 1984 (excluding March 25, 1984). Includes a linear function of distance to cutoff on either side of the cutoff 
and the following background variables on the 1984-mother: immigrant (1/0), descendant (1/0), age at birth year, no 
registry of father (1/0) college (1/0), high school/vocational training (1/0), ln(household earnings), self-employed 
(1/0), public adm./teaching/health/social institutions (1/0), acc. exp., acc. exp. squared, firm share of women in 
management, firm's full time equivalent, daughter's birthweight, daughter was a multiple birth (1/0), daughter is 
firstborn (1/0). Missings are handled with a dummy approach. Standard errors are clustered at the daughter-level. In 
Column (5) estimates have been calculated using local polynomial regressions discontinuity estimation using the 
'rdrobust' package by Calonico et al. (2014; 2018), see Appendix B, Table B2, Column (5) using a triangular kernel, 
a local polynomial of order 1 and NN-clustered standard errors. 

*p<0.10, **p<0.05, ***p<0.01. Squared brackets indicate p-values of the treatment effects.  
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Table C2. Reduced Form Estimates (ITT) - Daughter takes median amount of leave (1/0) 

 

Mother’s leave observed Mother’s leave not 
observed for all 

observations 

 

29 days 
window 

59 days 
window 

84 days 
window 

84 days 
window 
OLS 

84 days 
window 
RDD 

  (1) (2) (3) (4) (5) 
ITT -0.0022 -0.0188 -0.0136 -0.0166 -0.0210 
 (0.0296) (0.0206) (0.0173) (0.0163) (0.0176) 
  [0.940] [0.3617] [0.4291] [0.309] [0.233] 
Observations 4,147 8,425 11,687 13,489 13,489 
Outcome Mean (control 
group) 0.2761 0.2504 0.2498 0.2627 

 
0.2627 

Notes: The sample includes all births by daughters born in different time-windows on either side of the cut-off 
date March 26, 1984 (excluding March 25, 1984). Includes a linear function of distance to cutoff on either side 
of the cutoff and the following background variables on the 1984-mother: immigrant (1/0), descendant (1/0), age 
at birth year, no registry of father (1/0) college (1/0), high school/vocational training (1/0), ln(household 
earnings), self-employed (1/0), public adm./teaching/health/social institutions (1/0), acc. exp., acc. exp. squared, 
firm share of women in management, firm's full time equivalent, daughter's birthweight, daughter was a multiple 
birth (1/0), daughter is firstborn (1/0). Missings are handled with a dummy approach. Standard errors are 
clustered at the daughter-level. In Column (5) estimates have been calculated using local polynomial regressions 
discontinuity estimation using the 'rdrobust' package by Calonico et al. (2014; 2018), see Appendix B, Table B2, 
Column (5) using a triangular kernel, a local polynomial of order 1 and NN-clustered standard errors. 

*p<0.10, **p<0.05, ***p<0.01. Squared brackets indicate p-values of the treatment effects. 

 

Table C3. Reduced Form Estimates (ITT) – Daughter’s leave measured in weeks  

 

Mother’s leave observed Mother’s leave not 
observed for all 

observations 

 

29 days 
window 

59 days 
window 

84 days 
window 

84 days 
window 
OLS 

84 days 
window 
RDD 

  (1) (2) (3) (4) (5) 
ITT 0.2814 0.0009 0.5389 0.5688 0.3625 
 (0.8917) (0.5980) (0.5119) (0.4735) (0.4956) 
  [0.7523] [0.9987] [0.2925] [0.230] [0.464] 
Observations 4,147 8,425 11,687 13,489 13,489 
Outcome Mean (control 
group) 46.56 46.12 46.36 46.41 

 
46.41 

Notes: The sample includes all births by daughters born in different time-windows on either side of the cut-off 
date March 26, 1984 (excluding March 25, 1984). Includes a linear function of distance to cutoff on either side 
of the cutoff and the following background variables on the 1984-mother: immigrant (1/0), descendant (1/0), age 
at birth year, no registry of father (1/0) college (1/0), high school/vocational training (1/0), ln(household 
earnings), self-employed (1/0), public adm./teaching/health/social institutions (1/0), acc. exp., acc. exp. squared, 
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firm share of women in management, firm's full time equivalent, daughter's birthweight, daughter was a multiple 
birth (1/0), daughter is firstborn (1/0). Missings are handled with a dummy approach. Standard errors are 
clustered at the daughter-level. In Column (5) estimates have been calculated using local polynomial regressions 
discontinuity estimation using the 'rdrobust' package by Calonico et al. (2014; 2018), see Appendix B, Table B2, 
Column (5) using a triangular kernel, a local polynomial of order 1 and NN-clustered standard errors. 

*p<0.10, **p<0.05, ***p<0.01. Squared brackets indicate p-values of the treatment effects. 

 

 
Table C4. Reduced Form Estimates (ITT) - Daughter takes a long (>median) leave (1/0), 
14 days donut hole regression 

 

Mother’s leave observed Mother’s leave not 
observed for all 

observations 

 

29 days 
window 

59 days 
window 

84 days 
window 

84 days 
window 
OLS 

84 days 
window 
RDD 

  (1) (2) (3) (4) (5) 
ITT 0.0561 0.0405 0.0526** 0.0528*** 0.0533** 
 (0.1052) (0.0343) (0.0247) (0.0230) (0.0250) 
  [0.5941] [0.2383] [0.0238] [0.021] [0.033] 
Observations 2,136 6,414 9,676 11,193 11,193 
Outcome Mean (control 
group) 0.2512 0.2452 0.2526 0.2525 

 
0.2525 

Notes: The sample includes all births by daughters born in different time-windows on either side of the cut-off 
date March 26,1984 (excluding March 25, 1984). Includes a linear function of distance to cutoff on either side 
of the cutoff and the following background variables on the 1984-mother: immigrant (1/0), descendant (1/0), age 
at birth year, no registry of father (1/0) college (1/0), high school/vocational training (1/0), ln(household 
earnings), self-employed (1/0), public adm./teaching/health/social institutions (1/0), acc. exp., acc. exp. squared, 
firm share of women in management, firm's full time equivalent, daughter's birthweight, daughter was a multiple 
birth (1/0), daughter is firstborn (1/0). Missings are handled with a dummy approach. Standard errors are 
clustered at the daughter-level. In Column (5) estimates have been calculated using local polynomial regressions 
discontinuity estimation using the 'rdrobust' package by Calonico et al. (2014; 2018), see Appendix B, Table B2, 
Column (5) using a triangular kernel, a local polynomial of order 1 and NN-clustered standard errors. 

*p<0.10, **p<0.05, ***p<0.01. Squared brackets indicate p-values of the treatment effects. 
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Table D. Sample Selection  

Row Selection criterion Number of 
unique births 
by mothers 

Number of 
mothers 

Number of 
unique births 
by daughters 

Number 
of 

daughters 
(1) All 1st generation mothers 

who give birth to liveborn 
children in a 1-year 
window around March 26, 
1984 excluding adoptions, 
non-registered fathers and 
co-mothers 

100,764 
(male and 
female) 

99,444  49,676 
 

(2) All 2nd generation 
daughters with children, 
born in the 1-year 
window 

  82,546 36,551 

(3) Condition on 2nd 
generation daughters 
giving birth to liveborn 
children in the period 
2002-2018  

36,167 36,333 69,199 36,521 

(4) Condition on 2nd 
generation daughters are 
biological mothers and 
births occur in DK 

35,962 35,799 68,248 36,144 

(5) Drop same-sex couples  
 

35,781 35,621 
 

68,007 35,960 

(6) Condition on daughters’ 
leave not missing & > than 
13 days  

32,019 31,894 56,759 32,176 

(7) 84 days window  7,663 7,659 13,555 7,694 
(8) 84 days window minus 

March 25, 1984 
7,623 7,619 13,489 7,654 

(9) Condition on 1st 
generation mothers’ leave 
is observed  

20,101 20,086 35,328 20,203 

(10) 84 days window  6,617 6,617* 11,744 6,641 
(11) 84 days window minus 

March 25, 1984 
6,583 6,583* 11,687 6,607 

Note: *A very small number of mothers have more than 1 birth in the chosen time window.  
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