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ABSTRACT 

Many children experience parental union dissolution during childhood. This study provides 

evidence on the immediate and long-term effects of parental separation and union dissolution on 

children’s test scores. We use population data on parents moving out of the joint home and national 

school-administered low-stakes test. Using a staggered event-study design, we find dynamic long-

term negative effects on test scores. The decline in test scores originates from the middle of the skill 

distribution. Further, we demonstrate plausible indications of an immediate negative effect of 

parental separation on children’s test scores using a regression discontinuity design.  
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1. INTRODUCTION 

In most OECD countries the divorce rate has increased substantially since 1970 reaching a plateau 

around the turn of the century (Wagner 2020). In the US, around 40 to 50 percent of all marriages 

end in divorce (Kennedy and Ruggles 2014). The divorce rate in Denmark is comparable to the US 

and varied from 2000 to 2018 between 43 and 53 percent.1 Both Denmark and the US had higher 

divorce rates in 2020 compared to the OECD average (OECD 2022). In Denmark, more than 30 

percent of children can expect to experience a parental divorce or union dissolution during their 

childhood. Such shocks to family life may drastically alter the home environment and impose new 

constraints on parents’ time and economic resources. 

As divorce has become more common in society, a large literature examining different aspects of 

divorce has grown. One focus of the divorce literature has been on how divorce laws affect the 

frequency of divorce (e.g., Fallesen 2021; Kabátek 2019; Kneip, Bauer, and Reinhold 2014; Lee 

2013; Wolfers 2006). Another area of interest has been on how divorce and parental separation 

affect the children of the household in terms of both short– and long-run outcomes, such as human 

capital formation, behavioral problems, mental health, or income levels in adulthood. Children of 

divorced parents reported poorer mental wellbeing and more behavioral problems (e.g., Fallesen 

and Gähler 2020a; Strohschein 2005), had lower academic achievement (e.g., Kim 2011; Sigle-

Rushton et al. 2014), and lower academic attainment (Heinesen 2019; Laird, Nielsen, and Nielsen 

2020). Yet, due to the complex and non-random nature of divorce (Lyngstad and Jalovaara 2010), 

strong causal designs have been elusive with most studies adjusting for confounding through either 

conditioning on observables, matching strategies, latent variable modelling, and sibling fixed effect 

 

1 20-year marriage survival rate reported by Statistics Denmark. 
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designs (see McLanahan, Tach, and Schneider 2013 for review). Thus, selection issues may persist, 

especially in the light of evidence on pre-divorce adjustments (e.g., Sun and Li 2001), selection not 

only into divorce but also into timing of divorce (e.g., Brüderl and Kalter 2001; Fallesen and Breen 

2016), and the role of time-and-country specific divorce norms and opportunities (de Graaf and 

Kalmijn 2006; Gruber 2004; Kreidl, Štípková, and Hubatková 2017; Piketty 2003).  

In this paper we use a novel data source (the results from nationwide national reading 

comprehension tests of all Danish children in public schools taken at grades 2, 4, 6, and 8) as well 

as information on parental separation captured at the date the parents moved apart to study the 

effect parental separation and union dissolution/divorce on children’s cognitive development.2 The 

national tests are low stakes and have no consequences for the child’s future. For this reason, 

parents might be less likely to try to affect the result through investments such as tutoring—thus, 

the national tests might be an accurate measure of child ability. Further, given the test’s low stakes, 

parents are also not likely to time a separation relative to the test (i.e., no incentive for bunching). 

We provide important evidence on three aspects of the effect of parental union dissolution on 

children’s educational achievement. First, using a within-person event-study design with stacked 

regressions, we can account for selection into experiencing parental divorce and estimate effects 

that may depend on time of treatment and time since treatment. Applying the recent dynamic 

difference-in-differences (DID) approach by Callaway and Sant’Anna (2021) allows us to bolster a 

causal and dynamic interpretation of the impact of parental separation and union dissolution on 

children’s educational performance. Second, we examine heterogeneity across the distribution of 

 

2 In a Danish context it is not important to distinguish between married and non-married parents who live together. 

Often parents are not married when the first child is born, but then become married some years later. Björklund and 

Sundström (2006) and Sigle-Rushton et al. (2014) analyzing data for Sweden and Norway, respectively, also focus on 

separation irrespective of prior marital status. 
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test score performance by estimating counterfactual distributions (Chernozhukov, Fernández-Val, 

and Melly 2013), demonstrating that the effect of parental union dissolution is heterogenous across 

the test score distribution. Last, we can recover the effect of the discrete event of parents moving 

apart on test scores through a regression discontinuity design (RDD). To our knowledge, this paper 

is the first to analyze effects of parental separation on test scores using dynamic DID models taking 

account of individual fixed effects, to investigate heterogeneity in these effects across the test score 

distribution, and to use an RDD to analyze the immediate effect of parents moving apart.  

In our event-study analysis we find negative effects of parental union dissolution on children’s test 

scores in the range of 3%-7% of a standard deviation. There are indications of dynamic effects that 

increase by time since union dissolution. The results are robust to applying recent advances in the 

estimation of DID models (Callaway and Sant’Anna 2021). The effect of union dissolution on 

children’s test score is driven by children in the middle 50 % of the test score distribution. Further, 

from our RDD analysis, we find at the separation discontinuity a decrease in test scores of 3%-4% 

of a standard deviation. There is no indication of parents strategically changing separation timing 

around the test time. Our findings are in accordance with findings from the medical literature of 

increased stress response and delayed maturation in children following parental separation (Gerra et 

al. 1993; Sheppard, Garcia, and Sear 2015; Vezzetti 2016). In total, we provide evidence that 

parental separation and union dissolution has statistically and substantially significant negative 

effects on children’s educational performance in both the short and the long run.  

2. SEPARATION, UNION DISSOLUTION, AND CHILDREN’S DEVELOPMENT 

Why Separation and Union Dissolution Matters for Children 

A large literature have documented how children who experience parental union dissolution are 

disadvantaged across a host of outcome measures, but have also cautioned that it is not random 
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which families divorce (see Amato 1993; 2000; 2010; Lyngstad and Jalovaara 2010 for reviews). In 

this section we will first lay out the likely causal pathways through which parental separation and 

union dissolution may affect children’s educational performance, then discuss how the literature has 

examined this question, and lastly discuss how to define the counterfactual state for a child 

experiencing separation and union dissolution. 

Underlying mechanisms 

There is a long tradition in the family and public health literature to consider guardian separation 

and divorce as an adverse childhood experiences (ACE),  in children’s lives (e.g., Brown et al. 

2009; Crouch et al. 2019; Lew and Xian 2019).3 In the medical literature, children who experience 

parental separation and union dissolution are found to slow down in their biological maturation 

following the event  (Gerra et al. 1993; Sheppard, Garcia, and Sear 2015) and report increased 

levels of stress (see Vezzetti 2016 for a recent review). Both responses are likely to inhibit learning 

and/or performance in the educational system. If learning is affected, the consequences of 

psychosocial trauma of a parental separation may fester assuming a dynamic model of learning (cf. 

Cunha and Heckman 2007). 

Second, from a pure economies of scale perspective, divorce will (most often) lead to reduced 

economic resources available for children.4 Exposure to a low income childhood environment is 

associated with lower educational attainment (Lesner 2018), perhaps due to fewer resources for 

parents to invest in their children (cf. Cunha and Heckman 2007). Another resource that becomes 

 

3 Although parental divorce was not considered in Felitti et al. (1998) seminal study of ACEs. 
4 The form of this mechanism depends on the extent to which especially women increase labor supply following the end 

of a relationship (Bargain et al. 2012; Bonnet, Garbinti, and Solaz 2021). Other studies have found that women pay a 

higher and continuous price for divorcing (Smock, Manning, and Gupta 1999; Leopold 2018; Raz-Yurovich 2013), and 

that welfare state arrangements may play a moderating role (Uunk 2004). 
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more scarce following parental divorce is parents’ time with children. Fallesen and Gähler (2020b) 

show that the time parents spend on developmental tasks with their children declines following a 

union dissolution, whereas time spent on non-developmental (practical) tasks remains the same. 

Thus, a union dissolution likely leads parents to have fewer economic resources and time to invest 

in children. Insofar that the dividends of such investments are compounded (such that skill begets 

skill), the negative consequence of parental union dissolution may increase over time (i.e., the effect 

is dynamic). 

Parental union dissolution may not affect all children equally. Children’s ability to navigate and 

lessen negative impacts of adverse events are often referred to as resilience (see Zolkoski and 

Bullock 2012 for review). A key predictor of resilience is intelligence (Cederblad et al. 1995; Katz 

and Gottman 1997; Friborg et al. 2005; Condly 2006; Alvord and Grados 2005), which strongly 

correlates with academic ability, achievement, and test scores. If resilience also buffers negative 

effects of parental separation and union dissolution, it will indicate heterogenous effects across 

children’s educational ability. Further, the level of parental conflict prior to separation may also be 

related to heterogeneity in separation effects; a high level of conflict may reduce the negative effect 

of separation (Clark et al. 2015; Garriga and Pennoni 2022) and in turn also already affect 

children’s test scores negatively. Thus, to the extent that low performance is related to poor home 

environments, a change to the home environment through parental union dissolution may be of little 

consequence.  

Previous work on divorce and educational outcomes in children 

The main challenge when studying the impact of divorce, union dissolution, and parental separation 

on child outcomes is selection and timing effects. Families in which the parents choose to divorce 

(or separate) are likely to be different from families where the parents stay continuously married 
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(e.g., Heinesen 2019). Regardless of divorce, these differences are likely to affect child outcomes 

and consequently, parents who do not divorce or separate may be an inappropriate control group for 

the parents who do divorce or separate. To overcome the issue of selection, some studies have 

utilized longitudinal data and aimed to control for relevant confounders through various statistical 

techniques (e.g., Kim 2011), or have used the timing of the divorce to obtain causal estimates of 

how divorce and separation affect child outcomes. In this latter setting, older siblings experiencing 

parental separation as adults (e.g., after age 18) or after a given outcome is measured can serve as a 

control group for younger siblings experiencing parental separation earlier in life or prior to the 

outcome is measured. This has commonly been called a sibling fixed effect approach (e.g., 

Björklund, Ginther, and Sundström 2007; Björklund and Sundström 2006; Heinesen 2019; Laird, 

Nielsen, and Nielsen 2020; Sigle-Rushton et al. 2014).  

The sibling fixed effect methodology controls for constant family characteristics and some family 

characteristics are, undoubtedly, constant. It seems reasonable, however, to assume that the conflict 

level or other social problems in the family increases as the time of divorce approaches (see 

Härkönen, Bernardi, and Boertien 2017 for recent review). Consequently, a set of siblings raised by 

the same parents might experience quite a different family environment during childhood and this 

could potentially cause a bias in the estimated effect of separation. Union dissolution is recorded as 

a discrete event, but likely reflects the consequences of long run deterioration of the parental 

relationship.  A second issue for the sibling fixed effect methodology is if certain child 

characteristics are the cause of parental separation. For instance, if a younger sibling is born with a 

disability or is particularly challenged in school this could be a contributing factor to parental 

separation and affect educational achievement of the child (Kvist, Nielsen, and Simonsen 2013; 

Mallinson and Elwert 2022). Thus, the identification strategies often employed in the literature 

(Sigle-Rushton et al. 2014; e.g., Björklund, Ginther, and Sundström 2007; Björklund and 
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Sundström 2006; Kim 2011) rest on strong and often untestable assumptions. A final issue is 

potential dynamic effects. If the impact of parental union dissolution increases with time (e.g., leads 

to lower parental investment in children, which in turn leads to lower returns that become 

compounded), this would lead to dynamic effects. If this occurs, then the relative differences 

between the occurrence of separation and measuring the outcome of interest becomes of pivotal 

importance. Yet, the counterfactual sibling outcome likely will be ill-defined unless the functional 

form of the dynamic effect is correctly specified in terms of the distance between the treated 

siblings’ outcome and the timing of the union dissolution.  

A second strand of literature has focused on the impact of changes in divorce laws, either as a direct 

shock to parental relationships (e.g., Piketty 2003) or as an exposure measure, comparing people 

who spent different amounts of their childhood under a more liberal divorce policy regime 

(Cáceres-Delpiano and Giolito 2012; González and Viitanen 2009; Gruber 2004; Johnson and 

Mazingo 2000). Whereas divorce law changes likely provide exogenous variation, the designs 

based on them do not capture the direct (nor the total) causal effects of divorce, because the reforms 

affect child outcomes through other channels: families can substitute official divorce for continuous 

separation, the reduction in barriers to and costs of exiting marriage may increase marriage rates, 

the relative bargaining positions of both genders change, and remarriage rates and family 

complexity may increase (see Gruber 2004; Piketty 2003 for further discussion). In addition, an 

increasing number of children are born to parents who never marry but instead cohabit, especially in 

the Nordic countries generally known for liberal family policies that equate cohabiting and married 

parental rights closely (Perelli-Harris and Gassen 2012). For Denmark alone, 54 percent of children 

was born out of wedlock in 2020. In that case, changes to divorce law (and divorce as a 

phenomenon) affects only a subset of the underlying social phenomenon of actual interest—the 

dissolution of the parental co-residing relationship. 
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Further, whereas studying the impact of divorce reforms that occurred in 1960s-1970s provides 

invaluable evidence on the historical consequences of those reforms, they also represent studies of 

divorces occurring at a very different historical margin than the margin likely to be relevant today. 

As Piketty (2003) noted, the French couples he studied who became able to divorce following the 

1975 introduction of a no-fault, mutual-consent divorce law, likely were couples who had very 

high-conflict relationships. This in turn may explain why he finds little consequence of the reform 

on children’s outcomes. Presently, divorce has become substantially more common, and the 

normative barrier for divorcing has likely been lowered. In descriptive work, de Graaf and Kalmijn 

(2006) document that for the Netherlands, divorce motives became less severe as divorce became 

more common. That is, the married couples that divorced following the reforms in the 1960s-1970s 

likely had on average more problematic home environments than couples who divorced or 

dissolved their union in later periods after divorce became more common and normalized. Thus, 

children growing up in problematic home environments may not react to (or may even benefit from) 

a parental union dissolution, whereas children growing up in less problematic home environment 

where the parents still dissolve their union may experience substantial decline in the quality of the 

home environment (see also Clark et al. 2015). 

Defining the Counterfactual 

Studying the effect of parental separation and union dissolution raises a more fundamental question: 

what is the counterfactual treatment? If we consider the case where one partner meets a new person 

randomly, through for example changes to their pool of colleagues in the workplace (McKinnish 

2004; 2007; Svarer 2007), this counterfactual is well-defined conditional on people’s valuation of 

outside options relative to their present relationship: the counterfactual treatment is the 

relationship’s trajectory had the meeting with a new person never happened. Similarly, any singular 

unexpected event that causes either partner to leave works in the same way. 
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Yet, assuming people form unions because they believe they have higher expected utility of being 

in that union rather than being single, union dissolutions are likely also the result of deteriorating 

relationship quality lowering present and expected future utility (Becker, Landes, and Michael 

1977; Weiss and Willis 1997) and of processes of learning about the actual match quality of the 

relationship (Fallesen and Breen 2016). In either case, the likely counterfactual treatment to 

separation at a given time is separation a few years later while the utility of being relationship in the 

counterfactual state continues to decline.  

3. DIVORCE LEGISLATION AND UNION DISSOLUTION IN DENMARK 

Divorce legislation in Denmark in the period 2009-2018 

Divorce legislation in Denmark was changed by a reform in 2013 (Fallesen 2021; Rosenbeck 2017). 

From 2009 to 2013 all couples filing for divorce were required to complete a period of legal 

separation of six months unless aggravating circumstances as infidelity, domestic violence, etc. 

were present. From July 1 2013, partners were allowed to skip the period of legal separation, given 

both partners agreed to the divorce. The reform change was found to increase the divorce rate by 

10% (Fallesen 2021), an effect similar to related findings from the Netherlands (Kabátek 2019) and 

South-Korea (Lee 2013). Hence, from July 2013 couples in Denmark could apply either for direct 

divorce in uncontested cases or still go through a six-months legal separation. For a legal separation 

period to be valid the couple must be non-cohabiting. To allow time for finding a new residence the 

couple has 3 months to comply with the demand of separate addresses. It is furthermore compulsory 

by law to officially register a new address within 5 days after a move. In our study we use the date 

of move as the time of separation (union dissolution), and this is likely to be prior to the date of 

formal divorce. Thus, time of separation represents the end of the married union rather than time of 

formal divorce. By focusing on time of separation (parents moving apart) rather than time of formal 
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divorce among married couples, we circumvent the shock to divorce timing caused by the 2013 

reform, we obtain a definition of date of separation which is consistent across married and 

unmarried couples, and it is likely to be the important date in terms of effects on children. 

Nevertheless, the reform might have had effects on divorce and separation decisions of married 

couples. We take account of this by adjusting for year of test fixed effects in our empirical models. 

Cohabiting Unions and Union Dissolution 

In recent decades, including those covering the cohorts considered in this study (born 1995-2010), a 

large share of children is born into and grow up in unmarried unions. 46% of Danish children born 

1995-2010 was born out of wedlock, and 14 percent of those still living with both parents at age 8 

had parents who remained unmarried.5 Across the Nordic countries, cohabiting unions in lieu of 

married unions have long been on the rise (Perelli-Harris et al. 2012; Heuveline and Timberlake 

2004), and they have increasingly been bestowed the same legal rights as married unions (Perelli-

Harris and Gassen 2012)—especially when those unions involves joint children. However, although 

parental rights for biological parents (and designated biological parents in the case of adoption or 

children conceived through medically assisted reproductive techniques) are the same across union 

type, the full formal framework for ending a union that exist for ending a marriage (i.e., divorce) is 

not present for unmarried unions. While unmarried unions thus will lack a divorce date, they still 

have a separation date that can be aligned with the separation date for divorcing married couples, 

because a separation also occurs either at the same time as a divorce or heralds it. 

 

5 According to Statistics Denmark: http://statistikbanken.dk/FAM111N 
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4. RESEARCH DESIGN 

It is not random who separates and dissolves their union (selection into union dissolution), nor 

when it happens (selection into timing). Couples with children who separate have on average 

shorter education and lower income than those who do not, and also compared to those who 

separate when their children are older (see Section 5). Further, parents who separate sooner after 

their child was born are likely less well-matched and had on average been together for a shorter 

while before becoming parents (Fallesen and Breen 2016). To identify any causal effect of parental 

separation and union dissolution on children, these two key sources of selection need to be 

addressed. 

Estimating the Long-Term Effect of Dissolution: Event Study DID Models 

The dynamic DID models we consider are two-way fixed effects model with fixed effects for 

individuals (or groups) and time (see, e.g., de Chaisemartin and D’Haultfœuille 2020). The 

treatment (parental dissolution) is an absorbing state since it may affect children in all subsequent 

periods. Our models are examples of a staggered adoption design where some children experience 

parental dissolution early in the school career and others in later grades. The identifying common 

trend assumption requires that the test score trend for the treatment group in the counterfactual state 

of non-treatment would have been the same as the trend for the control group. We compare students 

treated in earlier grades to control groups of not-yet treated (in some analyses combined with a 

group of never treated). We avoid using earlier treatment groups as control groups for later treated 

because of the issues related to heterogenous treatment effects discussed in, e.g., de Chaisemartin 

and D’Haultfœuille (2020) and Goodman-Bacon (2021). Including never treated children in the 

control group adds statistical power by increasing sample size, but their test score trend may differ 

from the counterfactual trend of the treatment group because of differences in terms of both 
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observables and unobservables. Therefore, we present results both with smaller control groups of 

later treated and larger control groups that also include never treated.    

Our outcome variable is test scores in reading comprehension, which are observed in grades 2, 4, 6 

and 8.6 By allowing for at least one pre-treatment observation, we can estimate effects of separation 

on test scores in grades 4, 6 and 8. To simplify, we define separation as occurring in either grade 2, 

4, 6, 8 or 10 according to a “nearest test” criterion. For instance, if a child experiences parental 

separation in grade 3, this is considered a grade 2 (4) event if the date of separation is closer to the 

date of the grade 2 (4) test than to the date of the grade 4 (2) test. Separation in “grade 10” means 

separation within our data period, but at least one year after the test in grade 8.7 If separation occurs 

more than one year before the grade 2 test, it is considered to happen “before grade 2”. Those who 

do not experience parental separation within our data period are called “never treated”. 

Given our nearest test specification, it is reasonable to consider, for instance, grade 2 test scores as a 

pre-treatment outcome for those experiencing parental separation in grade 4, that is, in the period 

between about a year prior to the grade 4 test and a year after this test. Thus, the grade 2 test score is 

measured at least about a year prior to the separation in grade 4. Therefore, it is unlikely that the 

grade 2 test score is affected by a possible escalation of social problems or conflict in the family 

leading up to separation (see the discussion in Section 2).8   

Our nearest test definition of the grade of separation may seem at odds with our RDD analysis 

discussed in the introduction and in the next subsection, where we estimate a discontinuous drop in 

test scores at the time of separation. Thus, our nearest test definition ignores such a discontinuity by 

 

6 Test score data are also available for other subjects, but we do not use these data because of a weaker longitudinal 

structure (math scores in grades 3, 6 and 8; English in grades 4 and 8; physics/chemistry in grade 8 only). 
7 The data which we use to identify separation are updated to more recent years than the test score data. 
8 We report robustness checks that support this presumption. 
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assuming a common immediate effect in the grade of separation (at event time 0) irrespective of 

whether the separation occurred before or after the test date. However, in the DID analysis, where 

the focus is on more long-term effects of separation, it is an advantage to simplify. In the Appendix, 

we show results for a modified DID model where we allow the effect in the grade of separation to 

differ by whether separation occurred before or after the test. The results (discussed in more detail 

in Section 6) indicate a negative effect on test scores at both treatment times, and (in accordance 

with the RDD analysis) larger effects when separation occurred before the test. 

A simple alternative to our nearest test definition, which might seem more in accordance with the 

RDD results, could be a “before test” definition where, for instance, the grade 4 treatment group 

consists of those experiencing separation before the grade 4 test but after the grade 2 test. However, 

here it may be problematic to consider the grade 2 test scores as a pre-treatment outcome for the 

grade 4 treatment group, since some students in this group experience separation just after the grade 

2 test and therefore their grade 2 test scores could be affected by escalation of social problems and 

conflict in the family leading up to separation (see the discussion in Section 2). With a similar 

argument, the grade 8 treatment group would not be a valid control group when estimating the 

effect of separation in grade 6. Thus, with this alternative definition of the grade of treatment, our 

effective sample would be much smaller, and we could only estimate effects in grades 6 and 8.  

Within each model of the form of Eq. (1), the three event time parameters 𝛾𝑒 are estimated for the 

same sample. However, in the estimation of some of the 𝛾𝑒 parameters, we may include more not-

yet-treated groups in the control group. For instance, when 𝑔 = 4  the effect at event time 0 may be 

estimated including the groups  𝑔 = 6  and  𝑔 = 8  in the control group in addition to the group  

𝑔 = 10, or we may use only the group  𝑔 = 6  as control group because it will presumably be the 

group of not-yet-treated resembling the treatment group  𝑔 = 4  the most making the common trend 
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assumption more likely to hold. In our empirical analysis we explore the sensitivity of estimates to 

the choice of control group. 

   Using the group whose parents separate at grade 10 (perhaps augmented by those never treated) as 

control group, we can estimate the effect of experiencing separation in grade 4 on test scores in 

grades 4, 6 and 8; for those whose parents separate in grade 6, we can estimate effects in grades 6 

and 8; and when parents separate in grade 8, we can estimate effects in grade 8.   

Let 𝐷𝑖𝑡
𝑒  be an indicator variable that is 1 if dissolution happened at grade 𝑡 − 𝑒, that is 𝑒 years prior 

to grade 𝑡, and 0 otherwise. Thus, 𝑒 is event time, and  𝑒 = 𝑡 − 𝑔  where 𝑔 denotes the grade of 

dissolution. An event study model for the dynamic effects of separation at a particular grade 𝑔 ∈

{4,6,8}, using 𝑔 = 10 as control group, can be written   

𝑌𝑖𝑡 = 𝛼𝑖 + 𝜆𝑡 + ∑ 𝛾𝑒𝐷𝑖𝑡
𝑒

𝑒∈𝐾(𝑔)

+ 𝑋𝑖𝑡𝛽 + 𝜀𝑖𝑡                                        (1) 

where 𝑌𝑖𝑡 is the test score for individual 𝑖 in grade 𝑡, 𝛼𝑖 are individual fixed effects, 𝜆𝑡 are grade 

fixed effects, 𝑋𝑖𝑡 is a vector of controls (in our application, fixed effects for the calendar year of the 

test), and 𝜀𝑖𝑡 is the error term. The parameters of interest are 𝛾𝑒 which can be interpreted as the 

average treatment effect on the treated (ATT) at event time 𝑒, given the common trend assumption. 

This assumption cannot be tested, but our investigation of pre-trends (based on estimates of 𝛾𝑒 for 

negative values of 𝑒) indicates that it is likely to hold. 

We choose 𝑒 = −2  (the grade just before separation) as reference category (leaving out  𝛾−2𝐷𝑖𝑡
−2 

from the model). Test scores are observed at grade  𝑡 ∈ {2,4,6,8}. Therefore, if 𝑔 = 4 (dissolution 

happened at grade 4), we have observations for one pre-treatment period and three post-treatment 

periods, and we can estimate effects on test scores for event times 𝑒 ∈ 𝐾(4) = {0,2,4} (relative to 
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𝑒 = −2). Similarly, when 𝑔 = 6 (8) we have observations for 2 (3) pre-treatment and 2 (1) post-

treatment periods, and  𝐾(6) = {−4,0,2}, and 𝐾(8) = {−6, −4,0}. Estimates of  𝛾𝑒  at  𝑒 = −4  

and  𝑒 = −6  close to zero will indicate common pre-trends. 

Thus, we can estimate three models like Eq. (1), restricted to the subsamples consisting of the 

treatment group defined by the grade of separation (4, 6 or 8) and the control group of those treated 

after grade 8 (𝑔 = 10). Equivalently, we can stack three datasets consisting of observations with 

(𝑔 = 4 or  𝑔 = 10), (𝑔 = 6  or  𝑔 = 10)  and  (𝑔 = 8  or  𝑔 = 10), and define an identifier, 𝑟, 

taking the values 4, 6 and 8, for each dataset, and then estimate the same parameters in a single 

stacked regression of the form 

  

𝑌𝑖𝑡𝑟 = 𝛼𝑖𝑟 + 𝜆𝑡𝑟 + ∑ ∑ 𝛾𝑔𝑒𝐷𝑖𝑡
𝑒

𝑒∈𝐾(𝑔)𝑔∈{4,6,8}

+ 𝑋𝑖𝑡𝑟𝛽𝑟 + 𝜀𝑖𝑡𝑟                                        (2) 

Application of the Callaway and Sant’Anna estimation procedure 

Our estimation strategy discussed above is flexible by allowing the treatment effects to vary by 

grade of treatment and by time since treatment. For comparison, we also estimate effects of parental 

separation using the method proposed by Callaway and Sant’Anna (2021) which is equally flexible. 

In addition, this method allows pre-treatment covariates to affect the outcome trends. In our 

application, this might be important if, for instance, test score trends (in the non-treatment state) 

differ by the level of parental education and the shares of high and low educated parents differ 

between the treatment and control group. For each group (in our application defined by the grade of 

parental separation, 𝑔) and each time period (in our application the grade of the test, 𝑡) we estimate 

a “group-time average treatment effect”,  𝐴𝑇𝑇(𝑔, 𝑡), that is, the average treatment effect for group 

𝑔 at time 𝑡, using as control group all not-yet-treated individuals at time 𝑡. Each 𝐴𝑇𝑇(𝑔, 𝑡) 
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parameter is estimated in two steps. First, we estimate the relation between the potential outcome 

trend (from grade 𝑔 − 2  to  𝑡)  in the non-treated state and covariates using only observations for 

the control group of not-yet-treated by time 𝑡,  

𝑌𝑖𝑡 − 𝑌𝑖,𝑔−2 = 𝑋𝑖𝜃
𝑔𝑡 + 𝜖𝑖𝑡

𝑔𝑡
        (3) 

where  𝑋𝑖  are covariates determined prior to time 𝑔 (including a constant term). In the second step, 

we calculate the predicted trend (conditional on covariates) for the treatment group 𝑔 in the non-

treated state as  𝑋𝑖𝜃
𝑔𝑡 using the parameter estimate from the regression (3) and observations of  𝑋𝑖  

for the treatment group, and then we estimate the 𝐴𝑇𝑇(𝑔, 𝑡) as the average of  𝑌𝑖𝑡 − 𝑌𝑖,𝑔−2 − 𝑋𝑖𝜃
𝑔𝑡  

using only observations for the treatment group 𝑔.9  

The estimation of 𝐴𝑇𝑇(𝑔, 𝑡) discussed above presumes that 𝑡 ≥ 𝑔. However, similar methods are 

used to estimate differences in pre-trends between treatment and control groups for 𝑡 < 𝑔. Instead 

of using  𝑔 − 2  as base, these parameters are in the Callaway and Sant’Anna approach estimated 

with  𝑡 − 2  as base. For instance, for treatment group 𝑔 = 8  we estimate the (differential) pre-

trends from  𝑡 = 2  to  𝑡 = 4  and from  𝑡 = 4  to  𝑡 = 6. Again, all not-yet-treated observations are 

used as control group implying that the first of these pre-trends,  𝐴𝑇𝑇(8,4), is estimated using the 

groups  𝑔 = 6  and  𝑔 = 10  as control group, whereas the second,  𝐴𝑇𝑇(8,6), is estimated using  

𝑔 = 10  as control group. These two pre-trend parameters represent estimates for event times -4 and 

-2. Note that the pre-trends in this model have a different interpretation than the pre-trends in the 

two-way fixed effects models (1) and (2) where 𝑔 − 2 is the base also for the pre-trends. The 

 

9 We focus here on the outcome regression approach. Callaway and Sant’Anna (2021) also consider inverse probability 

weighting and double-robust estimators. Using these alternative estimators produce very similar results in our 

application. 
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Callaway and Sant’Anna (2021) method incorporates a bootstrap procedure to account for the 

dependency across the estimators of the different treatment effects and the two-stage estimation of 

each treatment effect. 

The  𝐴𝑇𝑇(𝑔, 𝑡)  estimates can be aggregated in different ways. For instance, by event time 

calculated as averages over different treatment groups, by grade of separation calculated as averages 

over different event times, by grade of test calculated as averages over different treatment groups, 

and a single average effect over all dimensions. As suggested by Callaway and Sant’Anna (2021), 

we calculate these aggregate parameters using weighted averages with weights determined by 

treatment group size. 

Counterfactual distribution of test scores absent union dissolution 

We can further extend our understanding of the effect of union dissolution on test scores by 

investigating whether the effect differs by the level of test scores, that is, by child ability. Based on 

Chernozhukov et al. (2013) we estimate a series of regressions across the test score distribution, 

where, for a finite set of points, we predict how union dissolution affects the probability of having a 

test score below each point.10 Based on Eq. (1), we can, for each 𝑔 ∈ {4,6,8}  (with 𝑔 = 10 as 

control group), estimate a series of regressions: 

𝑞𝑖𝑡𝑗 = 𝛼𝑖𝑗 + 𝜆𝑡𝑗 + ∑ 𝛾𝑒𝑗𝐷𝑖𝑡
𝑒

𝑒∈𝐾(𝑔)

+ 𝑋𝑖𝑡𝛽𝑗 + 𝜀𝑖𝑡𝑗                                       (4) 

where 𝑞𝑖𝑡𝑗 are indicator variables, 𝑞𝑖𝑡𝑗 = 1(𝑌𝑖𝑡 ≤ 𝑗) with j varying within the interval from min(𝑌𝑖𝑡) 

to max(𝑌𝑖𝑡). Based on these estimates, we can, across the test score distribution, predict the 

 

10 For other applications of the distribution regression approach, see, e.g., Duflo (2001), Almond et al. (2011), and 

Biewen et al. (2022). Callaway and Li (Callaway and Li 2019) discuss quantile treatment effects in DID models. 
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probability of a child in the treatment group scoring less than j with and without having experienced 

parental union dissolution. From (4) we can, for each value of 𝑔 and 𝑒 predict 𝑞𝑗
1 =

𝐸(𝑞𝑖𝑡𝑗|𝐷𝑖𝑡
𝑒 = 1, 𝛼𝑖𝑗 , 𝜆𝑡𝑗, 𝑋𝑖𝑡) and the counterfactual 𝑞𝑗

0 = 𝐸(𝑞𝑖𝑡𝑗|𝛾𝑒𝑗 = 0, 𝐷𝑖𝑡
𝑒 = 1, 𝛼𝑖𝑗, 𝜆𝑡𝑗 , 𝑋𝑖𝑡).  

Under an assumption of strict exogeneity, we can calculate 𝑞𝑗
1 and 𝑞𝑗

0 over j (given 𝑔 and 𝑒) and, 

assuming rank stability, obtain the cumulative density function of test scores for the treated (𝑞𝑗
1) 

and the counterfactual function for the treated had they not experienced parental union dissolution 

(𝑞𝑗
0). The difference between 𝑞𝑗

1 and 𝑞𝑗
0 is simply 𝛾𝑒𝑗. Thus, the estimates of 𝛾𝑒𝑗 across j provide an 

indication of what part of the test score distribution contribute most to the overall estimate of the 

effect of separation on test scores. 

Estimating the Immediate Effect of Separation: A Regression Discontinuity Approach 

To estimate the immediate effect of parental separation, we utilize the fact that we have information 

on the precise dates of children’s tests and also very precise information on the time of parental 

separation. Under the assumption that parents do not manipulate the timing of separation, it is 

possible to examine whether any impact on children’s test scores occurs at the time of separation. If 

the separation event causes a shock to children’s cognitive ability or their ability to perform in the 

test situation, this should show up as a discrete change in test scores occurring at the time of 

separation. We define an underlying running variable Ri that captures time from parental separation 

to time for sitting the test:  

𝑅𝑖 = 𝐷𝑎𝑡𝑒 𝑜𝑓 𝑡𝑒𝑠𝑡𝑖 − 𝐷𝑎𝑡𝑒 𝑜𝑓 𝑝𝑎𝑟𝑒𝑛𝑡𝑎𝑙 𝑠𝑒𝑝𝑎𝑟𝑎𝑡𝑖𝑜𝑛𝑖 

Thus, 𝑅𝑖 = �̅� = 0 if the test occurs the same date as the parents separate, 𝑅𝑖 < �̅�  if the test occurs 

before the separation, and 𝑅𝑖 > �̅� if the test occurs after the separation. Thus, treatment occurs at 

𝑅𝑖 ≥ �̅�, and the standard RDD treatment effect at the cutoff is: 
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𝜏 = 𝜏(�̅�) = 𝐸{𝑌𝑖(1) − 𝑌𝑖(0)|𝑅𝑖 = �̅�} 

where 𝑌𝑖(0) and 𝑌𝑖(1) are the potential outcomes for each child i had the parents not separated yet 

(0) or separated (1).  

Identification relies on parents’ not sorting into separation around the time of children sitting the 

test, either as a response to the test or due to other reasons coinciding with the test. As discussed in 

the Introduction, the tests are low stake so it is unlikely that parents should strategically time their 

separation relative to the test date. Also, results from applying McCrary’s (2008) test do not 

indicate manipulation around the cutoff, and covariates are balanced. The discontinuity we 

investigate is rather noisy (fuzzy) which is not surprising given the heterogeneity in separation 

processes related to differences in causes and consequences of separation discussed above. We use 

automatic bandwidth selection and control for grade of test and grade of separation.   

5. DATA AND SAMPLE 

We base our paper on Danish data and combine two data sources. Firstly, we include data on child 

school performance from the Danish national tests in all public schools in the school years 

2009/2010 to 2017/2018. The national tests were introduced in 2009 for all public schools (with an 

option to opt-in for private schools11) and aimed to provide a uniform measure of child school 

performance in Denmark. The tests are conducted in the spring season and consist of a battery of 

different tests varying over grades. We focus on Danish reading comprehension tests, which are 

conducted in grades 2, 4, 6, and 8. Tests are mandatory for all children enrolled in Danish public 

schools, are adaptive, and are conducted on computers with an automatically generated result 

(Beuchert and Nandrup 2014). The test results are not displayed in any formal school diplomas and 

 

11 Clearly distinguishing between public and private schools are not possible in the data. 
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have no direct implications for the child’s further school opportunities (there is no tracking or 

ability grouping in Danish primary or lower secondary school). For these reasons, parents might be 

less likely to try to affect the result by investments such as tutoring, and the lack of parental 

attention or interference might make the national tests an accurate measure of child ability.12 We 

standardize the test scores to mean zero and standard deviation one within grade and year.  

Secondly, we link each child to Danish full population register data via personal identification 

numbers to identify parents to each child. Due to the unique feature of the data, we have complete 

linkage for the population We construct variables for parental education and income measured at 

child age 5 and, importantly, we use register data to identify the date of parental separation of both 

married and non-married couples with children. We define the date of separation as the date one 

parent registers a new address different from the address of the other parent and condition on 

parents living apart for the subsequent two years. Potentially, there is a misreporting problem in the 

exact date of separation. Parents might move apart before one parent is able to register a new 

address. In Denmark, people are mandated by law to report changing their address within five days 

of a move. Whereas the law is not heavily enforced, reporting is done easily online and failing to do 

so triggers a fine of 1000 DKK (US$ 170) and risking not receiving official mail related to e.g., 

child custody arrangements or child payments. Extensive misreporting would bias our estimated 

effects towards zero.  

Sample and descriptive statistics 

We restrict our sample to children for whom we can identify both parents, and we leave out children 

who repeat or skip one or more grades. Our total sample consists of 698,414 children taking 

 

12 Post-test, parents may react to test results (Andersen and Nielsen 2020). 
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1,562,919 tests. In the sample, 35% of the children experience a union dissolution, the majority 

before school starting age. As discussed in Section 4, in the DID analysis we categorize treatment 

status by whether separation occurred before grade 2, or at grade 2, 4, 6, 8 or 10, respectively, or 

whether parents were not separated within our sample period. Table 1 shows means of test scores 

and covariates by treatment status. Average test scores at grades 2-8 are lower for children 

experiencing separation earlier, and they are higher for those experiencing separation after grade 8 

or never. Parental education and income (at child age 5) tend to be higher for those experiencing 

separation later or never. There is no clear trend in the variation in being young or old for grade 

across treatment status. These indicators are effectively determined by school entry in grade 0 (at 

age 5).  

6. RESULTS 

Long-term Effect: Results from Event Study Design 

First, we consider more long-term consequences of a parental union dissolution. We estimate event 

study regressions with individual fixed effects, where we assume common trends between treatment 

groups experiencing a parental union dissolution at a given grade and control groups experiencing 

this at later grades (and in some estimations we also include never treated in the control group). As 

discussed above in Section 4, we only include children who we observe in the data prior to 

experiencing a union dissolution. Thus, we can estimate effects of separation at grades 4, 6 and 8.  

Stacked fixed effects regressions  

Table 2 reports estimates of effects of separation on test scores by event time and grade of 

separation from stacked regressions as Equation (2). The first column shows results when the 

control group consists of children experiencing parental divorce at grade 10, and in the second 
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column the control group also includes the large group of never treated.13 The estimates in the first 

three rows relate to differential pre-trends between the treatment and control groups. Each of these 

estimates are insignificant in the first column, and we cannot reject a hypothesis that they are all 

zero, which supports the common trend assumption when the control group consists of later treated 

students. However, when the control group includes in addition the large group of never treated 

(column 2), the coefficient at event time -6 (based on the treatment group 𝑔 = 8) is large and 

clearly significant. Together with the small and insignificant coefficients at event time -4, this 

indicates a negative trend in test scores from grade 2 to grade 4 (but no significant trend from grade 

4 to grade 6) for those experiencing separation at grade 8 (compared to the control group). Thus, the 

common trend assumption seems less plausible when the control group includes the never treated.  

For each treatment group defined by the grade of separation, we can estimate the effect at event 

time 0. The point estimate for 𝑒 = 0 and 𝑔 = 4  in the first column indicates that separation at grade 

4 reduces test scores in grade 4 by 0.0425 SD, whereas the point estimates for 𝑒 = 0  and  𝑔 = 6  or   

𝑔 = 8  tend to be smaller indicating that the negative effects of separation are larger when 

separation occurs earlier, although these three estimates for event time zero are not statistically 

different (see the p-value for the “equality for e=0” test at the bottom of Table 2). The dynamic 

effects for treatment groups  𝑔 = 4  and   𝑔 = 6  indicate that the negative effects increase over 

time (the point estimates tend to increase in event time), and for the last group we can reject 

equality of coefficients for event times 0 and 2 (see the p-value in second to last row of Table 2). 

These patterns are similar for the model with the larger control group in column 2. 

 

13 We do not show results based on a control consisting only of never treated. These results are very similar to those in 

column 2 because the group of never treated is large (see Table 1).  
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For both models in Table 2, we cannot reject hypotheses of equal coefficients across treatment 

groups given event time (see the p-values for the three tests for event times -4, 0 and 2 at the bottom 

of the table). However, we do reject equality of all treatment effect estimates (for 𝑒 ≥ 0) and 

equality of effects across event time for treatment group 6 (and for treatment group 4 in column 2); 

see the bottom of Table 2.      

Table 3 shows results for more simple models which impose equality of effects given event time. 

For both models in Table 3, the negative treatment effects increase by time since separation (from 

about -0.03 SD to about -0.06 SD), and this dynamic pattern is statistically significant (see the p-

values at the bottom of the table). For each event time 0, 2 and 4, the size of the estimates is very 

similar across the two models. However, we still have a significant differential pre-trend parameter 

at event time -6 in the model including the never treated in the control group.   

The models estimated in Tables 2 and 3 use the same control group for the estimation of all 

treatment effect parameters – the control group consists of those treated at grade 10, or it consists of 

those treated at grade 10 combined with the never treated. However, for the estimation of some of 

the treatment effect parameters, we may choose other control groups. For instance, when estimating 

the effect of separation at grade 4 on test scores in grade 4, we might use all not-yet treated as 

control group, that is, those treated in grades 6, 8 and 10. This would be in accordance with the 

suggestions in Callaway and Sant’Anna (2021). An alternative might be to only use those treated at 

grade 6 because this control group may be expected to be more similar to the control group in terms 

of observables and unobservables, making the common trend assumption more likely to hold. In 

Appendix Table A1 we show estimation results for all possible choices of control groups of not-yet 

treated for each parameter. The results are robust to the choice of control group. If we compare with 

the estimates using  𝑔 = 10  as control group (see column 1 in Table 2, and columns 4, 7 and 10 in 
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Table A1), the alternative control groups tend to reduce the estimated effects at event time 0 and 2 

for treatment group 𝑔 = 4, but to increase the estimate for event time 0 for treatment group 6. 

However, these differences are not statistically significant. Again, we find that pre-trends are not 

statistically different between treatment and control groups.14  

Results applying the Callaway and Sant’Anna (2021) approach 

In this subsection we report results using the approach for DID models with multiple time periods 

developed by Callaway and Sant’Anna (2021). As discussed above in Section 4, this method is 

characterized by allowing time trends to depend on pre-treatment covariates (corresponding to 

letting 𝜆𝑡  in Eq. (1) be a function of such covariates), by estimating separate models for each 

combination of treatment grade and test grade (𝑔, 𝑡) using as control group all not-yet-treated 

individuals at time 𝑡 (or a group of never treated), by conducting simultaneous inference for all 

estimated parameters using a bootstrap procedure, and by aggregating the estimates in different 

dimensions using treatment group sizes as weights.  

Table 4 shows our estimation results applying the Callaway and Sant’Anna procedure using 

outcome regression to control for covariates.15 In columns 1 and 2 the control groups consist of all 

not-yet treated (excluding the never treated); in columns 3 and 4 the control groups also include 

never treated. For comparison with our stacked regression results in Tables 2 and 3, the models in 

columns 1 and 3 of Table 4 only allow the counterfactual trends to depend on the calendar year of 

test. In columns 2 and 4 the common trend assumption is conditional on all covariates (calendar 

 

14 The lower part of Table A1 and the note to this table specify the relation to the control groups that we use to estimate 

each 𝐴𝑇𝑇(𝑔, 𝑡) parameter in our application of the Callaway and Sant’Anna (2021) estimation procedure. 
15 Using as an alternative the double-robust estimator suggested by Callaway and Sant’Anna produces almost identical 

results (not shown but available upon request). We use the csdid command for Stata. 
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year, parental education and income at child age 5, child gender, and indicators for being young or 

old for grade).     

The first three rows of estimates in Table 4 show 𝐴𝑇𝑇(𝑔, 𝑡) estimates for treatment for group 𝑔 = 4 

and 𝑡 = 4, 𝑡 = 6, and 𝑡 = 8. Each of these estimates is based on the “long difference” in individual 

test scores from the pre-treatment period (𝑔 − 2) to 𝑡; this is indicated in the parentheses in the left 

column. For instance, when 𝑔 = 4  and  𝑡 = 8  the long difference is from grade 2 to grade 8, 

indicated by (2-8). The next sets of results are for treatment groups 𝑔 = 6,  𝑔 = 8  and  𝑔 = 10. As 

in Table 2 we have (for each column) six 𝐴𝑇𝑇 estimates for 𝑡 ≥ 𝑔 (i.e., 𝑒 ≥ 0), and they have the 

same interpretation as the estimates in Table 2. However, the estimates for differential pre-trends 

have a different interpretation in Table 4 compared to Table 2. In Table 2 the pre-trend parameters 

are measured relative to grade 𝑔 − 2, whereas in Table 4 they are measured as a “short difference” 

relative to the previous pre-treatment period. For instance, for treatment group 𝑔 = 8 we can 

estimate pre-trends from  𝑡 = 2  to  𝑡 = 4  (using as control group all not-yet treated at  𝑡 = 4, i.e., 

those with 𝑔 = 6  and  𝑔 = 10 and possibly the never treated) and from  𝑡 = 4  to  𝑡 = 6  (using the 

control group  𝑔 = 10 and possibly the never treated). 

The results in column 1 of Table 4 are similar to those in column 1 of Table 2, although they are not 

identical because estimation methods and control groups differ. For instance, the 𝐴𝑇𝑇(4,4) point 

estimate in Table 4 is -0.0325 while in Table 2 the corresponding estimate is -0.0425. This 

difference can mainly be explained by differences in control groups; in column 2 of Appendix 

Table A1 reporting results for a fixed-effects regression with a control group of all not-yet-treated, 

the estimate is -0.0322 and thus very close to the estimate in Table 4. Differences across event time 

tend to be smaller in column 1 of Table 4 compared to column 1 of Table 2. For instance, the 

estimate of  𝐴𝑇𝑇(4,8)  in Table 4 is -0.0552, whereas the corresponding estimate in Table 2 is         
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-0.0718. Allowing the trend to depend on more covariates (as in column 2 of Table 4) does not 

change estimates much. Including the large group of never treated in the control group does not 

have a large effect on estimates either.  

For all four columns in Table 4, we cannot reject a hypothesis that all differential pre-trend 

parameters are zero (despite the significant estimates for 𝐴𝑇𝑇(8,4) in columns 3 and 4); see the p-

values reported at the bottom of Table 4.16 As for the models in Table 2, we cannot reject equality 

of effects given event time either. For columns 1 and 2 we cannot reject equality of all 𝐴𝑇𝑇 

parameters for  𝑒 ≥ 0, whereas this hypothesis is clearly rejected when we enlarge the control group 

with the never treated in columns 3 and 4; see the p-values in the last row of Table 4. Thus, the 

results in columns 3 and 4 of Table 4 indicate (as the results in Table 2) that there are significantly 

increasing effects in event time.  

Table 5 and Figure 1 show the estimates of Table 4 aggregated by event time. All estimates for  𝑒 ≥

0  are clearly significant, and estimates are increasing in event time, although differences across 

event time are smaller when the group of never treated does not enter the control group. When the 

never treated are included in the control group, the differential pre-trend at event time -4 is rather 

large and significant, but the estimates at event times -6 and -2 are very small and clearly 

insignificant and, as discussed above, we cannot reject a hypothesis that all pre-trend parameters are 

zero. At the bottom of Table 5 we show the overall ATT estimates (for 𝑒 ≥ 0) obtained by 

aggregating the estimates of Table 4 across event time as well as by event time. When the control 

 

16 This conclusion is not changed if we instead test if the sum of the pre-trend parameters within each treatment group 

are zero, i.e., if we test the joint hypothesis: 𝐴𝑇𝑇(10,8) + 𝐴𝑇𝑇(10,6) + 𝐴𝑇𝑇(10,4) = 0 ∧  𝐴𝑇𝑇(8,6) + 𝐴𝑇𝑇(8,4) =
0  ∧  𝐴𝑇𝑇(6,4) = 0  (where the term 𝐴𝑇𝑇(10,8) is omitted for the models in columns 1 and 2). This test of pre-trends 

is more similar to the test of pre-trends in the stacked regression DID models of Table 2. The p-values of this test in the 

models of Table 4 are: 0.564, 0.555, 0.200, and 0.289. 
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groups consist of later treated (columns 1 and 2), the overall effect is about -0.035 SD, and when it 

also includes never treated the overall effect is about -0.042 SD. This difference is mainly driven by 

differential effects at event times 2 and 4, while the effects at event time 0 are similar across 

models. Overall, the size of the estimates and their pattern by event time are very similar across 

specifications. 

Distributional effects 

To investigate at what levels of test scores parental union dissolution has important effects, we now 

present results of applying distribution DID regressions with later treated as control group; see the 

discussion in Section 4.  Figure 2 shows on the y-axis the effect of parental union dissolution at 

grade 4 on the probability of scoring below the test score level indicated on the x-axis. The graphs 

in the first column of Figure 2 show effects at event time 0 using as control group those 

experiencing separation at grades 6, 8, and 10, respectively. The second column shows effects at 

event time 2 (control groups  𝑔 = 8  and  𝑔 = 10), and the third column shows effects at event time 

4 (for control group  𝑔 = 10). Across event time, and control group, the results indicate that it is the 

middle of the test score distribution that accounts for the negative effect of parental union 

dissolution on children’s test scores. Given the outcome variable is normalized with mean 0 and 

standard deviation 1, it is roughly the middle 50-60% of the distribution that carries the effect, 

indicating that the test scores of both high and low ability pupils are on average unaffected by 

parents ending their union. Possible mechanisms may be that high-ability students are likely to be 

more resilient, and that low school performance may tend to be related to poor home environments 

that may on average not be worsened much by parental separation; see the discussion in Section 2.  

Figure A1 in the Appendix shows that these conclusions hold if we extend the control group of the 

first two rows to include all later treated (in row 1 we use the control group 𝑔 ∈ {6,8,10}, and in 
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row 2 the control group 𝑔 ∈ {8,10}). Figures A2 and A3 in the Appendix show similar results when 

the treatment group consists of those experiencing separation at grades 6 and 8, respectively. For 

event times 0 and 2 the results are somewhat weaker, but again they indicate that it is mainly the 

middle part of the distribution that drives the effect. For negative event times (i.e., for differential 

pre-trends), there is no significant pattern in the estimated distributional effects.  

Differential effects at event time zero 

Table A2 in the Appendix show results for stacked DID regressions that correspond to those in 

Table 2 except that we allow effects at event time 0 to differ depending on whether separation 

occurred before or after the test date. This is partly to reconcile our DID results with our RDD 

finding of a discontinuity in test scores when separation date equals test date; we discuss the RDD 

results below. Point estimates in Table A2 indicate larger effects when separation occurred before 

the test, but for treatment groups  𝑔 = 4  and  𝑔 = 6, and for all three treatment groups together, the 

difference is not significant. For treatment group  𝑔 = 8  the difference is marginally significant at 

the 10% level when the control group consists of later treated, and at the 5% level when it also 

includes never treated. Thus, these estimates are consistent with an RDD effect at the point where 

the separation date equals the test date. But at the same time, the results show that our simpler main 

specification where we assume constant effects at event time zero (irrespective of whether 

separation occurred before or after the test) is reasonable. At positive and negative event times, the 

results in Table A2 are almost identical to the results in our main analysis in Table 2. 

As in our main analysis, we cannot reject equality of effects by event time. Appendix Table A3 

shows results for this restricted model which is more in line with the RDD analysis where we pool 

observations across grade of separation. In the restricted DID model, we reject a hypothesis that the 
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effect at event time 0 is the same for those experiencing separation before the test as for those 

experiencing separation after the test, consistent with the RDD results. 

Robustness check: anticipation effects 

As discussed in Section 2, in some cases parental separation may be preceded by a period of 

escalation of social problems or conflict in the family. Therefore, child test scores could be affected 

negatively in this period before separation. In our DID analysis we effectively assume that this 

period is no longer than about a year. If it is in fact longer for many children, the pre-treatment test 

scores at event time -2 would be indirectly affected by separation and our ATT estimates would be 

biased towards zero. This would correspond to an “anticipation” effect of separation already at 

event time -2.  As a robustness check we have therefore estimated the effect of separation at grade 6 

using test scores in grade 2 (instead of grade 4) as the comparison. When the control group consists 

of those treated in grade 10, we can estimate the effect on test scores in grade 6, and when the 

control group consists of never treated, we can estimate the effect on test scores in grades 6 and 8 

(i.e., at event time 0 and 2). The results are shown in Appendix Table A4. There are no significant 

differences compared to the corresponding main estimates in Table 2 indicating that periods of 

“anticipation” of more than a year are not important.17 

Immediate Effect of Parental Separation: RDD Regressions 

To study the effect of immediate parental separation on test scores, we rely on a an RDD analysis, 

where the running variable R is the difference between the date of sitting the test and the date when 

parents move apart.  We control for grade of test and grade of separation. We use the rdrobust 

 

17 With those treated in grade 10 as controls, the point estimate (SE) in Table A4 is -0.030 (0.020). This point estimate 

is larger than the corresponding estimate in Table 2 of -0.021, but the estimates are not significantly different. With 

never treated as controls, the point estimates in Table A4 at event times 0 and 2 are -0.036 and -0.063, which are very 

close to the corresponding estimates in Table 2 (-0.036 and -0.059).   
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command of Calonico et al. (2017) with automatic bandwidth selection. Table 6 shows results for 

models with triangular or uniform kernel, and with polynomials of order 1 or 2 in the running 

variable, reporting both conventional and bias-corrected estimates. We find a significant effect at 

the threshold (where the date of separation is the same as the test date) of between -0.03 and -0.04 

SD. The automatically selected bandwidth varies between 108 and 207 weeks.  

Corresponding to the models in Table 6, Figure 3 plots the weekly-binned average test scores 

(adjusted for grade of test and grade of separation) across the running variable (𝑅) with an imposed 

cutoff at the time when separation date equals test date, and with a fitted linear or quadratic curve 

on each side of the cutoff. As seen from the figure, there is evidence of a discrete decline in test 

scores at R = 0 of about 3% of a SD. The discontinuity is fuzzy which may be explained by the 

considerable heterogeneity in dissolution processes and by the fact that test scores are determined 

by many other factors than parental dissolution.  

At the bottom of Table 6 we report p-values of the McCrary (2008) test for indications of parents 

manipulating the timing of separation relative to the date of the test. There is no statistically 

detectable evidence of manipulation. As a balancing test, Table A5 in the Appendix reports results 

from RDD regressions for parental and child characteristics. There is no evidence of a discontinuity 

in covariates occurring at the cutoff.18 In total, we find some indications of an immediate decline in 

test scores following parental separation. The basic RDD estimates in the first row of Table 6 are 

numerically smaller than the long-term effects from the DID models, but still substantial.  

 

18 For maternal income the jump test is marginally significant at the 10% level. However, the size of the jump is small 

(410 € in yearly total income or less than 1% of the average of 45,000 €, see Table 1) and the sign of the jump is 

opposite to the sign the insignificant jump in paternal income.   
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7. CONCLUSION AND DISCUSSION 

We find that parental separation and subsequent union dissolution has both immediate and long-

term negative effects on children’s test scores in the range 2.5-6.8 % of a standard deviation. Effect 

sizes are relatively large and driven by children in the middle of the test score distribution. Our 

estimation strategy using dynamic DID models, taking account of individual fixed effects, as well 

as RDD models, overcome important difficulties in estimating effects of parental separation. Thus, 

there exists not only selection into families that experience union dissolution, but also selection into 

timing of separation, and effects may be dynamic, which may lead to confounding issues in more 

traditional approaches to estimating the effect of union dissolution on children.  

In this study, we have extensively demonstrated that parental union dissolution has substantial and 

likely dynamic negative effects on children’s learning. Initial parameter estimates are of an absolute 

size similar to the effect of small classrooms in the STAR experiment (Krueger 1999), the effect of 

an increase in teacher-quality of 0.5 of a standard deviation (Rockoff 2004), or the average effect of 

offering high-dosage tutoring (Fryer and Howard-Noveck 2020), and the dynamic effects hint at 

even larger learning losses as time from union dissolution increase. More than 30 % of Danish 

children can expect their parents to dissolve their union before the children leave school. For most 

of these children, the parental break up occurs before they even start school, at a time where 

parental influence and investments likely are even more important for skill development (Cunha 

and Heckman 2007) than at the margin that we have considered in this study. Insofar as the initial 

and dynamic nature of the effect of parental union dissolution on children’s learning extends 

backwards similarly, the learning loss that is occurring due to parental union dissolution are likely 

substantially higher than what we have identified. 
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The findings of this study raise the question of how to address the disparities in children’s skill 

formation caused by parental union dissolution. Forcing parents to remain in a relationship is both 

at odds with central tenets of modern ethics and family policies but would also require the 

assumption that parents’ relationship would not degenerate to a state as harmful for children’s 

learning as it would be if the parents dissolved their union. Previous work studying the first modern 

divorce reforms has generally found no effect on educational attainment in the very first birth 

cohorts whose parents were affected by the reform change (Gruber 2004; Piketty 2003), perhaps 

because the divorcing marriages were bad, so children would be as well off with their parents being 

divorced (see also Clark et al. 2015). More recently and considering a setting where divorce is much 

less of a rare event and more normatively accepted, work from Denmark (Fallesen 2021), the 

Netherlands (Kabátek 2019), and South Korea (Lee 2013) all corroborate that forcing divorcing 

couples to have a mandatory separation or ‘cooling-off’ period causes about 10 percent of couples 

to reconsider their decision. If the home environment does not deteriorate further after such a 

change of heart, it might be a viable intervention to avoid “unnecessary” union dissolution, where 

parents change their minds if given time to reconsider. 

This still leaves us with a substantial group of children of parents who would separate anyway. 

For this group, it is hard to envision a policy targeting their domestic situation that may help 

mitigate their loss of human capital due to their parents’ union dissolution. This shifts the focus to 

what can be done in the school-environment. Teachers are often some of the first to know about 

changes to children’s domestic situation. Increased intensity of schooling through remedial 

programs or scholastic focused after-school care could perhaps offset the loss to learning due to the 

parental dissolution. Non-academic investments improving child well-being might also have 

positive effects on academic achievement. 
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Lastly, we have shown that the children whose test scores decrease the most following their 

parents’ union dissolution likely are the children found in the middle of the skill distribution. This is 

a group often ignored by educational policy and interventions, which instead often and with good 

reason considers how to increase performance among those in the lowest part of the distribution, 

and how to ensure that high performance students continue to be challenged and progress in the 

classroom. Yet, when it comes to parental union dissolution, it appears to be this middle group that 

experience most, if not all, of the negative consequences of parental union dissolution. This further 

means that for this group, the effect is likely much higher than the average effect that we estimate in 

our main analysis. 
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Table 1. Means of test scores and covariates by grade of separation 

 Time of Separation  

 Before        

 grade 2 Grade 2 Grade 4 Grade 6 Grade 8 Grade 10 Never Total 

Test score -0.115 -0.025 0.006 0.049 0.066 0.139 0.105 0.048 

Boy 0.510 0.500 0.504 0.501 0.493 0.492 0.513 0.511 

Mother no post-sec. degree 0.710 0.611 0.600 0.585 0.595 0.583 0.537 0.582 

Father no post-sec. degree 0.760 0.685 0.679 0.663 0.661 0.640 0.613 0.651 

Mother income 44.443 45.000 45.254 45.531 45.435 44.280 46.495 45.876 

Father income 51.766 57.052 57.879 58.320 58.639 58.058 60.564 58.338 

Young for grade 0.089 0.062 0.059 0.057 0.050 0.026 0.057 0.063 

Old for grade 0.055 0.069 0.066 0.064 0.066 0.042 0.069 0.065 

Observations 329,775 61,221 51,745 41,378 34,070 26,122 1,018,608 1,562,919 

Children 148,507 27,241 22,939 17,627 13,850 11,439 456,811 698,414 
Note. The table shows means of variables by grade of parental separation categorized using a “nearest test” criterion as discussed in Section 4. “Never” means that 

separation is not observed within our sample period. Test scores are standardized by grade and calendar year of test. The average test scores shown are averages over 

all test score observations; a child with four test score observations thus contributes with four observations to the average shown. Parental education and income are 

measured at age 5. Parental yearly total income (including public transfers) is deflated by the CPI (base 2015) and measured in €1,000 (exchange rate 7.44 DKK/€).   
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Table 2. Stacked regressions of event study models: Effects of separation on test scores by event 

time and grade of separation  

  (1)  (2) 

Event time (e) /  

Grade of separation (g) 

 Control group:  

Treated at grade 10 

 Control group:  

Treated at grade 10 or never 

-6 / 8  0.0160  0.0318*** 

  (0.0180)  (0.0108) 

-4 / 6  0.00747  0.00443 

  (0.0163)  (0.00856) 

-4 / 8  -0.0102  0.00568 

  (0.0118)  (0.00781) 

-2  0  0 

  (.)  (.) 

0 / 4   -0.0425***  -0.0400*** 

  (0.0159)  (0.00802) 

0 / 6  -0.0214*  -0.0355*** 

  (0.0116)  (0.00758) 

0 / 8  -0.0264**  -0.0212** 

  (0.0115)  (0.00835) 

2 / 4  -0.0553***  -0.0628*** 

  (0.0176)  (0.00972) 

2 / 6  -0.0540***  -0.0594*** 

  (0.0149)  (0.0105) 

4 / 4  -0.0718***  -0.0662*** 

  (0.0217)  (0.0129) 

N  160,435  2,785,063 

Children  39,146  352,225 

p-values of tests:     

All pre-trends 0   0.344  0.024 

Equality for e = -4   0.410  0.915 

Equality for e = 0   0.590  0.238 

Equality for e = 2   0.952  0.810 

Equality for e ≥ 0 at g = 4   0.231  0.012 

Equality for e ≥ 0 at g = 6   0.012  0.017 

Equality for e ≥ 0   0.044  0.001 
Note. Results from stacked regressions of event study models controlling for individual fixed effects, grade fixed effects 

and calendar year of test fixed effects. The reference category for event time is -2 (the period just before onset of 

treatment). The number of observations and children is excluding singleton observations; the control group observations 

are included three times (one time for each treatment group). The last seven rows report p-values of tests on the pre-

trend and treatment effect parameters. For instance, “all pre-trends 0” is a test that all three parameters for e<0 are equal 

to zero; “equality for e=0” is a test that all three parameters for event time 0 are equal; and “equality for e ≥ 0 at g = 6” 

is a test that the parameters at e=0 and e=2 for those first treated at grade 6 are equal. Standard errors in parentheses are 

clustered on students: 

* p < 0.10, ** p < 0.05, *** p < 0.01 
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Table 3. Stacked regressions of event study models: Effects of separation on test scores by event 

time  

  (1)  (2) 

Event time (e)  

 

 Control group:  

Treated at grade 10 

 Control group:  

Treated at grade 10 or never 

-6   0.0180  0.0287*** 

  (0.0178)  (0.0102) 

-4   -0.00441  0.00344 

  (0.00818)  (0.00575) 

-2  0  0 

  (.)  (.) 

0   -0.0291***  -0.0330*** 

  (0.00660)  (0.00459) 

2   -0.0532***  -0.0590*** 

  (0.0115)  (0.00691) 

4   -0.0664***  -0.0626*** 

  (0.0195)  (0.0120) 

N  160,435  2,785,063 

Children  39,146  352,225 

p-values of tests:     

All pre-trends 0   0.197  0.017 

Equality for e ≥ 0  0.010  0.000 
Note. Results from stacked regressions of event study models controlling for individual fixed effects, grade fixed effects 

and calendar year of test fixed effects. The reference category for event time is -2 (the period just before onset of 

treatment). The number of observations and children is excluding singleton observations; the control group observations 

are included three times (one time for each treatment group). The last two rows report p-values of tests on the pre-trend 

and treatment effect parameters. Thus, “all pre-trends 0” is a test that the two parameters for e<0 are equal to zero; and 

“equality for e ≥ 0” is a test that the parameters at e=0, e=2 and e=4 are equal. Standard errors in parentheses are 

clustered on students: 

* p < 0.10, ** p < 0.05, *** p < 0.01 
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Table 4. Callaway and Sant’Anna approach: Effects of parental separation on test scores by grade of 

separation and grade of test using as control groups later treated or later/never treated.  

Treatment group (g) Event (1) (2) (3) (4) 

Grade of test (t) time (e) Later  Later  Later/Never  Later/Never 

g=4      

t=4 (2-4) 0 -0.0325*** -0.0309*** -0.0398*** -0.0348*** 

  (0.0105) (0.0105) (0.0086) (0.0084) 

t=6 (2-6) 2 -0.0431*** -0.0402*** -0.0603*** -0.0570*** 

  (0.0131) (0.0133) (0.0102) (0.0104) 

t=8 (2-8) 4 -0.0552** -0.0494** -0.0698*** -0.0668*** 

  (0.0236) (0.0240) (0.0157) (0.0155) 

g=6      

t=4 (2-4) -2 0.0124 0.0135 -0.0038 0.0006 

  (0.0122) (0.0122) (0.0091) (0.0092) 

t=6 (4-6) 0 -0.0318*** -0.0313*** -0.0366*** -0.0364*** 

  (0.0095) (0.0096) (0.0079) (0.0079) 

t=8 (4-8) 2 -0.0491*** -0.0514*** -0.0586*** -0.0594*** 

  (0.0166) (0.0168) (0.0106) (0.0109) 

g=8      

t=4 (2-4) -4 -0.0192 -0.0186 -0.0213** -0.0178* 

  (0.0125) (0.0126) (0.0098) (0.0098) 

t=6 (4-6) -2 0.0070 0.0051 -0.0044 -0.0048 

  (0.0123) (0.0124) (0.0078) (0.0075) 

t=8 (6-8) 0 -0.0175 -0.0191 -0.0136* -0.0143* 

  (0.0119) (0.0120) (0.0082) (0.0083) 

g=10      

t=4 (2-4) -6 0.0165 0.0130 0.0004 0.0001 

  (0.0161) (0.0158) (0.0140) (0.0140) 

t=6 (4-6) -4 -0.0018 -0.0022 -0.0153 -0.0160 

  (0.0124) (0.0125) (0.0098) (0.0097) 

t=8 (6-8) -2 - - 0.0052 0.0043 

  (.) (.) (0.0078) (0.0077) 

Controls  Year All Year All 

p-values of tests:      

All pre-trends 0   0.441 0.511 0.232 0.345 

Equality for e = -4   0.321 0.357 0.668 0.901 

Equality for e = -2   0.756 0.631 0.634 0.693 

Equality for e = 0   0.571 0.691 0.051 0.106 

Equality for e = 2   0.776 0.603 0.909 0.876 

Equality for e ≥ 0, g=4   0.622 0.724 0.138 0.096 

Equality for e ≥ 0, g=6   0.366 0.300 0.096 0.089 

Equality for e ≥ 0   0.535 0.644 0.001 0.002 
Note. The table shows ATT(g,t) estimates using the method of Callaway and Sant’Anna (2021). In columns 1 and 2 the 

control group for each parameter consists of all later treated; in columns 3 and 4 it also includes never treated. In 

columns 1 and 3 the calendar year is the only control variable that may affect the counterfactual trend; in columns 2 and 

4 all control variables are included: calendar year, parental education (4 categories) and income, child gender, and 

whether the child is young or old for grade. The numbers in the parentheses in the first column indicate the test score 
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difference estimated, for instance, (2-6) indicates the long difference from grade 2 to grade 6. The last rows show p-

values for tests on the pre-trend and treatment effect parameters. Standard errors in parentheses are obtained using a 

Mammen wild bootstrap procedure (1,000 repetitions) 
* p < 0.10, ** p < 0.05, *** p < 0.01 
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Table 5. Callaway and Sant’Anna approach: Average effects by event time and overall, using as 

control groups later treated or later/never treated 

 (1) (2) (3) (4) 

Event time (e) Later Later Later/Never Later/Never 

-6 0.0165 0.0130 0.0004 0.0001 

 (0.0164) (0.0160) (0.0136) (0.0135) 

-4 -0.0110 -0.0109 -0.0185*** -0.0169** 

 (0.0095) (0.0095) (0.0068) (0.0068) 

-2 0.0098 0.0094 -0.0012 -0.0001 

 (0.0092) (0.0091) (0.0051) (0.0051) 

0 -0.0281*** -0.0277*** -0.0313*** -0.0295*** 

 (0.0058) (0.0057) (0.0049) (0.0049) 

2 -0.0458*** -0.0451*** -0.0595*** -0.0581*** 

 (0.0103) (0.0104) (0.0073) (0.0074) 

4 -0.0552** -0.0494* -0.0698*** -0.0668*** 

 (0.0251) (0.0258) (0.0140) (0.0143) 

     

Overall ATT -0.0358*** -0.0348*** -0.0432*** -0.0413*** 

 (0.0071) (0.0072) (0.0050) (0.0052) 

     

Controls Year All Year All 
Note. The table shows ATT estimates by event time using the method of Callaway and Sant’Anna (2021). The average 

effects by event time (and the overall average effect post treatment at the bottom of the table) are weighted averages of 

the relevant ATT(g,t) estimates in Table 4 with the size of the treatment groups as weights. In columns 1 and 2 the 

control group for each parameter consists of all later treated; in columns 3 and 4 it also includes never treated. In 

columns 1 and 3 the calendar year is the only control variable that may affect the counterfactual trend; in columns 2 and 

4 all control variables are included: calendar year, parental education (4 categories) and income, child gender, and 

whether the child is young or old for grade. Standard errors in parentheses are obtained using a Mammen wild bootstrap 

procedure (1,000 repetitions) 
* p < 0.10, ** p < 0.05, *** p < 0.01 
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Table 6: Estimates from regression discontinuity design regressions: Coefficient on indicator for being above the threshold (date of test 

after date of separation)  

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

Estimate -0.029** -0.029** -0.038** -0.034** -0.033* -0.037* -0.040** -0.049*** 

Standard error (0.009) (0.011) (0.012) (0.013) (0.016) (0.018) (0.019) (0.018) 

Type  Conventional Bias-corr Conventional Bias-corr Conventional Bias-corr Conventional Bias-corr 

Kernel Triangular Uniform Triangular Uniform 

Polynomial 1 1 2 2 

Bandwidth, weeks 207.163 108.649 161.597 133.303 

McCrary test (p)  0.990 0.574 0.826 0.498 

Effective N 194,497 102,182 151,263 126,655 

Note: All regressions control for grade of test and nearest test relative to parental union dissolution. Estimated using rdrobust command 

by Calonico et al. (2017). Automatic bandwidth selection with mserd selector. McCrary test calculated using rddensity command by 

Cattaneo et al. (2018). Standard errors clustered at student level. Bias-corrected estimates reported with robust standard errors 
* p < 0.10, ** p < 0.05, *** p < 0.01 
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Figure 1. Aggregate event time estimates by control group and pre-treatment covariates 

 

Note. This figure shows ATT estimates by event time for the four models of Table 5 using the method of Callaway and 

Sant’Anna (2021). The average effects by event time are averages of the ATT(g,t) estimates in Table 4 with the size of 

the treatment groups as weights. In the two upper graphs the control group for each parameter consists of all later 

treated; in the two lower graphs it also includes never treated. In the two graphs to the left the calendar year is the only 

control variable that may affect the counterfactual trend; in the two graphs to the right all control variables are included: 

calendar year, parental education (4 categories) and income, child gender, and whether the child is young or old for 

grade. The 95% confidence intervals are based on a Mammen wild bootstrap procedure (with 1,000 repetitions). 
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Figure 2. Effect of union dissolution in grade 4 on the probability of scoring below a given level 

across the distribution of test scores (comparison group treatment timing and event time in 

subplot title) 

 
Note. The graphs show the effect of separation in grade 4 on the probability of scoring below the test score level 

indicated on the x-axis. Each subgraph shows effects for a given event time and a given comparison group consisting 

of later treated children. The graphs in the first column show effects at event time 0 using as control group those 

experiencing separation at grades 6, 8, and 10, respectively. The second column shows effects at event time 2 

(control groups  𝑔 = 8  and  𝑔 = 10), and the third column shows effects at event time 4 (for control group  𝑔 = 10). 

Confidence intervals based on robust parametric standard errors. 
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Figure 3. Plot of weekly-binned test scores and regression discontinuity lines under different 

kernels and polynomials 

 

Note. Observations binned by week. All plots adjusted for grade of test and grade closest to parental union 

dissolution. Number of weeks displays estimated bandwidths. 
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Table A1. Effects of separation on test scores by event time and grade of separation using varying control groups of later treated students 

  (1) (2) (3) (4) (5) (6)  (7) (8) (9)  (10) 

g (treated) 4 4 4 4 4 4 4 6 6 6 6 8 8 

g (control)  10 6,8,10 6 8 6,8 8,10  10 8,10 8  10 

              

e  t       t    t  

              

-6             2 0.0160 

             (0.0180) 

-4         2 0.00747 -0.00779 -0.0163 4 -0.0102 

         (0.0163) (0.0118) (0.0130)  (0.0118) 

-2 (ref.) 2 0 0 0 0 0 0 4 0 0 0 6 0 

  (.) (.) (.) (.) (.) (.)  (.) (.) (.)  (.) 

0 4 -0.0425*** -0.0322*** -0.0354*** -0.0198 -0.0297*** -0.0283** 6 -0.0214* -0.0278*** -0.0301*** 8 -0.0264** 

  (0.0159) (0.00989) (0.0116) (0.0126) (0.0102) (0.0113)  (0.0116) (0.00951) (0.0108)  (0.0115) 

2 6 -0.0553***   -0.0387***  -0.0462*** 8 -0.0540***     

  (0.0176)   (0.0145)  (0.0132)  (0.0149)     

4 8 -0.0718***            

  (0.0217)            

N (obs.)  52,407 52,194 35,148 47,414 46,568 60,576  54,630 61,153 47,991  53,398 

N (students)  17,721 26,097 17,574 18,000 23,284 23,261  18,702 24,171 18,910  18,495 

C&SA (g,t)  4,8 4,4    4,6  6,8 6,6   8,8 

          6,4   8,6 

             8,4 
Note. Results from linear regressions of models controlling for individual fixed effects, grade fixed effects and calendar year of test fixed effects using varying control 

groups of later treated students. The reference category for event time is -2 (the period just before onset of treatment).  In models (1)-(6) the treatment group consists of 

children experiencing parental separation in grade 4 (g=4). Models (7)-(9) are for the g=6 treatment group, and model (10) is for the g=8 treatment group. For each of 

the treatment groups we include a column showing the grade of test (t) corresponding to the event time. The estimates using g=10 as control group in models (1), (7) 

and (10) are identical to the stacked regression estimates presented in the first column of Table 2. The number of observations and children is excluding singleton 

observations. The last three rows indicate if the combination of treatment and control group in the column is used to estimate parameters in the model based on the 

Callaway and Sant’Anna method discussed in Section 4, and (if so) which ATT(g,t) parameters. In our application of this method, we also use the treatment group 

g=10 to estimate the pre-trend parameters ATT(10,6) using g=8 as control group, and ATT(10,4) using g=6 and g=8 as control group. Standard errors in parentheses 

are clustered on students:  * p < 0.10, ** p < 0.05, *** p < 0.01  
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Table A2. Stacked regressions: Effects of separation on test scores by event time and grade of 

separation. Effects at event time 0 are split into effects at event time -1 (separation occurred within 

a year after the test date) and event time 0 (separation occurred within a year prior to the test date)  

  (1)  (2) 

Event time (e) /  

Grade of separation (g) 

 Control group:  

Treated at grade 10 

 Control group:  

Treated at grade 10 or never 

-6 / 8  0.0160  0.0319*** 

  (0.0180)  (0.0108) 

-4 / 6  0.00743  0.00442 

  (0.0163)  (0.00856) 

-4 / 8  -0.0103  0.00564 

  (0.0118)  (0.00781) 

-2  0  0 

  (.)  (.) 

-1 / 4  -0.0347*  -0.0378*** 

  (0.0187)  (0.0102) 

-1 / 6  -0.0134  -0.0263** 

  (0.0152)  (0.0105) 

-1 / 8  -0.00645  -0.00497 

  (0.0162)  (0.0118) 

0 / 4   -0.0501***  -0.0421*** 

  (0.0191)  (0.0105) 

0 / 6  -0.0286*  -0.0439*** 

  (0.0148)  (0.00993) 

0 / 8  -0.0460***  -0.0371*** 

  (0.0161)  (0.0116) 

2 / 4  -0.0553***  -0.0629*** 

  (0.0176)  (0.00972) 

2 / 6  -0.0540***  -0.0595*** 

  (0.0149)  (0.0105) 

4 / 4  -0.0718***  -0.0662*** 

  (0.0217)  (0.0129) 

N  160,435  2,785,063 

N_clust  39,146  352,225 

p-values of tests:      

All pre-trends 0   0.340  0.024 

Equality for e = -4   0.410  0.916 

Equality for e ∈{-1,0} at g=4  0.453  0.743 

Equality for e ∈{-1,0} at g=6  0.424  0.196 

Equality for e ∈{-1,0} at g=8  0.080  0.049 

Equality for e = -1  0.532  0.108 

Equality for e = 0  0.654  0.903 

Equality for e ∈{-1,0}  0.176  0.129 

Equality for e = 2   0.953  0.812 

Equality for e ≥ 0 at g = 4   0.478  0.108 

Equality for e ≥ 0 at g = 6   0.110  0.192 
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Equality for e ≥ 0   0.501  0.164 

Equality for e ≥ -1  0.022  0.001 
Note. Results from stacked regressions of event study models controlling for individual fixed effects, grade fixed effects 

and calendar year of test fixed effects. The reference category for event time is -2. Compared to the models in Table 2 

of the main analysis, we allow the effects at event time 0 to vary by whether separation occurred before or after the test. 

Thus, event time 0 in the main analysis represent observations where separation occurs from about 1 year prior to the 

test to about 1 year after the test. In the models of this appendix table, these observations are split up into event time -1 

if separation occurs after the test, and event time 0 if separation occurs before the test (or at the same date). Otherwise, 

the specification is the same as in Table 2. The number of observations and children is excluding singleton 

observations; the control group observations are included three times (one time for each treatment group). The last rows 

report p-values of tests on the pre-trend and treatment effect parameters. Compared to Table 2, we have added test 

statistics for whether effects at event time -1 and 0 are equal. Standard errors in parentheses are clustered on students: 

* p < 0.10, ** p < 0.05, *** p < 0.01 
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Table A3. Stacked regressions: Effects of separation on test scores by event time. The effect at 

event time 0 is split into effects at event time -1 (separation occurred within a year after the test 

date) and event time 0 (separation occurred within a year prior to the test date) 

  (1)  (2) 

Event time (e)  

 

 Control group:  

Treated at grade 10 

 Control group:  

Treated at grade 10 or never 

-6   0.0179  0.0288*** 

  (0.0178)  (0.0102) 

-4   -0.00447  0.00343 

  (0.00818)  (0.00575) 

-2  0  0 

  (.)  (.) 

-1   -0.0174**  -0.0243*** 

  (0.00809)  (0.00617) 

0   -0.0403***  -0.0411*** 

  (0.00802)  (0.00608) 

2   -0.0533***  -0.0591*** 

  (0.0115)  (0.00691) 

4   -0.0663***  -0.0627*** 

  (0.0195)  (0.0120) 

N  160,435  2,785,063 

Children  39,146  352,225 

p-values of tests:     

All pre-trends 0  0.195  0.017 

Equality for e ∈{-1,0}  0.013  0.038 

Equality for e ≥ 0   0.258  0.039 

Equality for e ≥ -1  0.002  0.000 
Note. Results from stacked regressions of event study models controlling for individual fixed effects, grade fixed effects 

and calendar year of test fixed effects. The reference category for event time is -2. Compared to the models in Table 3 

of the main analysis, we allow the effects at event time 0 to vary by whether separation occurred before or after the test. 

Thus, event time 0 in the main analysis represent observations where separation occurs from about 1 year prior to the 

test to about 1 year after the test. In the models of this appendix table, these observations are split up into event time -1 

if separation occurs after the test, and event time 0 if separation occurs before the test (or at the same date). Otherwise, 

the specification is the same as in Table 3. The number of observations and children is excluding singleton 

observations; the control group observations are included three times (one time for each treatment group). The last two 

rows report p-values of tests on the pre-trend and treatment effect parameters. Standard errors in parentheses are 

clustered on students: 

* p < 0.10, ** p < 0.05, *** p < 0.01 
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Table A4. Robustness checks taking account of “anticipation effects”: Effect of separation in grade 

6 on test scores in grade 6 and 8 compared to test scores in grade 2 

  (1)  (2) (3) 

Event time (e)  Control group:  

Treated at grade 10 

 Control group:  

Never treated 

0  -0.0303  -0.0350*** -0.0362*** 

  (0.0201)  (0.0114) (0.0114) 

2     -0.0632*** 

     (0.0157) 

N  16,058  272,406 345,745 

Children  8,029  136,203 137,571 
Note. Results from linear regressions of models controlling for individual fixed effects, grade fixed effects and calendar 

year of test fixed effects. The table shows estimates of the effect of separation in grade 6. The reference category for 

event time is -4 (instead of -2 as in the main analysis) to take account of possible “anticipation effects”, that is, the 

possibility of a prolonged period of escalation of social problems or conflict in the family leading up to parental 

separation. In model (1) the control group consists of children experiencing parental separation in grade 10. In models 

(2) and (3) the control group consists of the never treated. The number of observations is rather small because we only 

use test score observations for grades 2 and 6 (models (1) and (2)), or grades 2 and 6 or 8 (model (3)).  The number of 

observations and children is excluding singleton observations. Standard errors in parentheses are clustered on students:  
* p < 0.10, ** p < 0.05, *** p < 0.01 
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Table A5: Balancing tests of student and parent characteristics 
 Estimate Standard error 

Male student 0.003 (0.004) 

Young for grade -0.003 (0.003) 

Old for grade 0.000 (0.002) 

Mother post-secondary degree -0.001 (0.005) 

Father post-secondary degree -0.004 (0.004) 

Maternal Income (€1,000) -0.410* (0.226) 

Paternal Income (€1,000) 0.060 (0.235) 

 
Note: The table shows estimates of the coefficient on the indicator for being above the threshold in RDD regressions for 

each variable (shown in the column head) on this indicator, the running variable, their interaction, and controls. All 

regressions control for grade of test and nearest test relative to parental union dissolution. Conventional RDD estimates 

from the rdrobust command in Stata. Triangular kernel, first order polynomial, and automatic bandwidth selection. 

Parental yearly total income (including public transfers) is deflated by the CPI (base 2015) and measured in €1,000 

(exchange rate 7.44 DKK/€). 

* p < 0.10, ** p < 0.05, *** p < 0.01 
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Figure A1. Effect of union dissolution in grade 4 on the probability of scoring below a given level 

across the distribution of test scores (comparison group treatment timing and event time in 

subplot title) 

 
Note. The graphs show the effect of separation in grade 4 on the probability of scoring below the test score level 

indicated on the x-axis. Each subgraph shows effects for a given event time and a given comparison group consisting 

of later treated children. The upper subgraph shows effects at event time 0 using the largest possible control group of 

later treated (those experiencing separation at grades 6, 8 or 10). The two lower subgraphs show effects at event 

times 0 and 2 using the largest possible control group of later treated for event time 2 (those experiencing separation 

at grades 6 or 8). Confidence intervals based on robust parametric standard errors. 
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Figure A2. Effect of union dissolution in grade 6 on the probability of scoring below a given level 

across the distribution of test scores (comparison group treatment timing and event time in 

subplot title) 

 
Note. The graphs show the effect of separation in grade 6 on the probability of scoring below the test score level 

indicated on the x-axis. Each subgraph shows effects for a given event time and a given comparison group consisting 

of later treated children. The upper subgraphs show effects at event time -4 and 0 using those treated at grade 8 as 

control group. The middle panel shows effects at event times -4, 0 and 2 using those treated at grade 10 as control 

group. The two lower subgraphs show effects at event times -4 and 0 using the largest possible control group of later 

treated for event time 0 (those experiencing separation at grades 8 or 10). Confidence intervals based on robust 

parametric standard errors. 
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Figure A3. Effect of union dissolution in grade 8 on the probability of scoring below a given level across the distribution of test scores 

(comparison group treatment timing and event time in subplot title) 

 
Note. The graphs show the effect of separation in grade 8 on the probability of scoring below the test score level indicated on the x-axis. The three subgraphs show 

effects for event times -6, -4 and 0 using as comparison group children treated at grade 10. Confidence intervals based on robust parametric standard errors. 

 

 

 


