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1 Introduction

The productivity of parental investments and the home environment may vary at different stages of

childhood. There is a general agreement on the significance of early years’ circumstances for later

childhood development and adult outcomes (Almond and Currie, 2011). However, the boundaries

of a crucial developmental period in early childhood are not well defined (Almond et al., 2018).

Understanding which stages of childhood have the largest impact on development can help identify

windows of opportunities for targeted policy interventions (Attanasio et al., 2022).

The timing of parental inputs may matter over and above the total resources invested. Caucutt

and Lochner (2020) show that in the presence of dynamic complementarities or market failures

such as borrowing constraints, a child’s human capital response to parental investment depends

on the stage of childhood at which the investment occurs. Carneiro et al. (2021) document that

the timing of parental income during childhood is correlated with a child’s long-run outcomes

conditional on permanent family income. However, the differential causal impacts of parental

inputs across childhood stages are largely unexplored.

We exploit parental job loss to provide novel causal evidence on the impacts of family shocks

and their timing on children’s education. Using Danish administrative data, we track children aged

between 0 and 22 when parents experienced a plant closure, and focus on educational outcomes

at the end of compulsory schooling (age 16). We compare the outcomes of treated children with

those of a control group of observationally similar untreated peers.1 Isolating the causal effect is

challenging because displaced workers may possess unobserved characteristics that correlate with

adverse child outcomes (Hilger, 2016). We overcome this challenge by leveraging the observation

of children treated after completing compulsory schooling (ages 17–22), exploiting the insight that

job loss occurring after school completion cannot affect end-of-school performance.

1Throughout the analysis, “children” denotes offspring between the ages of 0 and 22. Our control group uses un-
treated children in different families rather than older siblings. This choice allows us to compare children of the same
age and avoids the severe sample reduction required to focus on multi-child families.
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Specifically, we identify stage-specific impacts through a difference-in-differences design cen-

tered on the end of compulsory schooling. We define four developmental windows: infancy (ages

0–1), early childhood (ages 2–5), mid-childhood (ages 6–11), and late childhood (adolescence,

ages 12–16). Following the job loss literature (e.g., Bertheau et al., 2022), we first match each

treated child to an observably similar untreated peer of the same age and gender. In contrast with

that literature, end-of-school outcomes are observed once per child, precluding event study de-

signs. We then compare the treatment-control difference for children exposed in each childhood

stage against the same difference observed for children beyond school age. This design yields the

causal effect of parental job loss under the assumption that the selection bias is constant across

children’s ages at the time of the shock. Null estimates for children treated after school-leaving age

support this assumption.

Our main finding is that parental job loss imposes a significant human capital penalty if expe-

rienced during infancy. In our preferred specification, ninth-grade mathematics achievement falls

by 0.04 standard devations (heareafter, σ ) for children treated before age two. We find smaller,

statistically insignificant penalties of approximately 0.02σ for exposure during early childhood or

adolescence, and null effects for mid-childhood. Treated infants are also one percentage point more

likely to have missing grades or test scores in the ninth grade, a margin that accounts for 13% of

the non-completion rate.

These penalties translate into tangible “roadblocks” that persist into adolescence. Children

exposed in infancy are one percentage point more likely to experience grade retention, record

multiple spells in the same grade, or fail to complete an academic year. By age 16, they are 0.5

percentage points more likely to have exited the education system entirely and two percentage

points more likely to remain delayed in elementary education. Most consequentially, they are 1.4

percentage points less likely to enrol in general upper-secondary tracks.

We explore mechanisms by estimating the causal effects of job loss on parental outcomes. Ex-
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ploiting panel data, we estimate event studies around plant closures, akin to the standard approach

in the literature on job loss.2 Earnings drop more deeply and persistently among parents of adoles-

cents, in line with evidence of larger penalties for older workers (Salvanes et al., 2024). However,

milder income shocks are sufficient to impede wealth accumulation among the youngest families,

with treated parents of infants holding substantially fewer assets ten years after job loss. Although

younger families may be better positioned to respond to job loss by adjusting their choices, we

find little impact on mobility or additional fertility. Beyond these average patterns, we find that

job loss impacts on families are remarkably dispersed, in line with recent research (Athey et al.,

2024; Gulyas and Pytka, 2025). We next correlate these heterogeneous impacts with reductions in

children’s achievement.

Among younger families, greater income losses lead to larger reductions in children’s achieve-

ment. Results for children treated in the earliest stages are strongly associated with changes in

family income, rather than with impacts on parental unemployment, cohabitation, or sickness ben-

efits. Consistently, achievement declines are detected only when the displaced parent is the primary

earner. These results align with research showing positive impacts of increased parental income

(Dahl and Lochner, 2012; Aizer et al., 2016; Hoynes et al., 2016).

We suggest that younger families may be more sensitive to income shocks since they typically

possess fewer assets. Recent evidence from Denmark shows that asset decumulation is the main

compensatory response to income shocks induced by job loss (Andersen et al., 2023). We show that

achievement reductions are concentrated among families with fewer baseline assets and larger in-

come declines. We acknowledge that income shocks may interact with unobservable mechanisms,

such as declines in parental or child mental health (Carneiro et al., 2024; Fontes et al., 2024), which

can act as both causes and consequences of the shock. However, the absence of larger achievement

2A sizeable literature shows that job loss leads to persistent earnings losses and unemployment (e.g., Lachowska
et al., 2020; Schmieder et al., 2023). Beyond labor market outcomes, job loss reduces workers’ health (Browning and
Heinesen, 2012; Sullivan and von Wachter, 2009) and fertility (Del Bono et al., 2012; Huttunen and Kellokumpu, 2016),
impacts mobility (Huttunen et al., 2018), and increases crime (Britto et al., 2022b).
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reductions in municipalities and cohorts with lower childcare coverage does not support the view

that prolonged time spent with distressed parents drives our results.

In contrast, achievement reductions spurred by parental job loss during adolescence are weakly

associated with income shocks. We find significant achievement penalties during adolescence for

maternal job losses and among males (both by 0.03σ ). Mothers of adolescents are found to suffer

increased stress after job loss (Carneiro et al., 2024), and males are more prone than females to

exam-related stress (Heissel et al., 2021). Although we cannot offer direct evidence, our results on

adolescents are thus consistent with a mediating role of psychological distress.

Our findings have direct implications for the design of the social safety net. Back-of-the-

envelope calculations using estimates from the literature imply that the average achievement penalty

from parental job loss during infancy corresponds to the impact of a $1,300 reduction in per-pupil

spending sustained over four years or a 0.3σ decrease in teacher value-added. These effects are

moderate in magnitude, smaller than impacts reported for early-childhood-development programs,

e.g., 0.10σ test score gains for Head Start (Deming, 2009), yet economically meaningful given

the prevalence of job loss events. While unemployment insurance systems typically replace a fixed

fraction of earnings regardless of family structure, our results suggest that the social cost of a layoff

varies substantially with the age of the worker’s children. Policy interventions that target resources

stability or enhanced replacement rates to parents of infants could yield high returns by preventing

transient liquidity shocks from becoming permanent human capital scars.

Our study contributes to the nascent literature identifying the childhood stages at which family

shocks are most consequential. While recent studies focus on critical junctures such as school

track choice or labor market entry (Fradkin et al., 2019; Schmidpeter, 2020; Mari et al., 2024),

there is little evidence on differential impacts by the age at which a child is exposed. Concurrently

developed with our study, Carneiro et al. (2024) find the largest negative effects of parental job loss

on children exposed in adolescence. While no other study has considered ages 0-1 in isolation,
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we show that infancy represents a crucial stage. Our results suggest that family income is more

productive at earlier stages, in line with Cunha and Heckman (2007, 2008).

Several studies investigate the intergenerational impacts of job displacement on children’s ed-

ucation and earnings in different contexts, with mixed findings (see Ruiz-Valenzuela, 2021, for a

review.). Using paternal layoffs in the US, Hilger (2016) finds minor impacts on college enrolment

and early career outcomes. Mork et al. (2020) similarly find minor impacts on children’s health,

education, and labor market outcomes in Sweden. On the other hand, several papers show signif-

icant adverse effects.3 By identifying substantial differences in the impact of parental job loss by

childhood stage, our study may help reconcile the mixed findings in the literature.

2 Institutional Setting

Denmark’s labor market combines high employer flexibility in hiring and firing with generous

income protection through unemployment benefits, resulting in relatively low income inequality.

Until 1994, this “flexicurity” model contributed to high unemployment, reflecting the effectively

unlimited duration of benefit receipt (Kreiner and Svarer, 2022). Subsequent reforms introduced

mandatory participation in active labor market programs to maintain eligibility, thereby limiting

maximum benefit duration. These changes reduced income security while preserving employer

flexibility and contributed to shorter unemployment spells.

Parental leave in Denmark allows parents to temporarily exit the labor force around childbirth.

Between 1985 and 1993, mothers were entitled to 14 weeks of leave, fathers to 2 weeks, and an

additional 10 weeks could be shared between parents. The compensation rate was tied to the unem-

ployment benefit level, which depends on prior earnings up to a cap. Under collective agreements,

many employers topped up benefits to match pre-birth earnings. From 1994 to 2001, both parents

3See Oreopoulos et al. (2008); Rege et al. (2011); Coelli (2011); Pan and Ost (2014); Ruiz-Valenzuela (2020);
Andersen et al. (2022); Britto et al. (2022a); Fontes et al. (2024).
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were entitled to an additional 52 weeks of leave per child aged 0-8. Initially set at 80% of the

unemployment benefit level, the compensation rate was reduced to 70% in 1995, and 60% in 1997.

From 2002 to 2022, mothers were entitled to 4 weeks of leave before birth and 14 weeks after,

fathers to 2 weeks, and 32 weeks could be shared between parents, with an average replacement

rate of 53% (Houmark et al., 2024). For our analysis, this institutional setting implies that job loss

likely lowers the effective replacement rate of income for parents on leave, much as unemployment

benefits reduce earnings for workers who are not on leave.

Universal access to publicly subsidized daycare is available for all children below school age,

irrespective of parental employment status. Fees are means-tested and decline when family income

falls, with low-income families eligible for substantial reductions or full exemptions. Municipali-

ties are responsible for organizing and financing daycare provision, typically via a mix of center-

based care and regulated family daycare. Beginning in the early 1990s, municipalities must offer a

full-time daycare place within a short waiting period, mostly from six months of age until school

entry (Datta Gupta and Simonsen, 2010). By the 2000s, the vast majority of 3-5-year-olds, and a

large share of 1-2-year-olds, were enrolled in publicly subsidized daycare.

Compulsory schooling in Denmark comprises ten grades. One kindergarten grade, made manda-

tory in 2009, was added to grades 1-9, although kindergarten attendance had already been nearly

universal for many years. Compulsory schooling typically begins in August of the calendar year in

which a child turns six and ends in June of the year in which the student turns 16. School-leaving

exams are sat in English, Danish, mathematics, and science, along with a set of randomly selected

additional subjects. These exams are generally low-stakes, as teachers’ recommendations largely

determine students’ subsequent educational tracks. For this reason, our main analysis focuses on

teacher assessments, which are highly correlated with exam scores (0.86 in our sample).

Compulsory school graduates can pursue several distinct educational tracks. About half of

the students choose to attend an additional tenth grade before progressing to upper secondary or

6



vocational education. General upper secondary programs typically last three years and include

academically oriented gymnasiums and business or technical colleges. Vocational programs, in

contrast, combine classroom instruction with on-the-job training and usually span two to five years.

3 Data

We use longitudinal administrative register data covering the entire Danish population. Since 1968,

every resident has been assigned a unique personal identification number, which permits precise

linkage across all national registers. Using these identifiers, we link children to their parents and

parents to their employers and tax records.

Educational institutions report detailed schooling information to the Ministry of Education.

Our primary outcomes are achievement measures in grade 9 (age 16), marking the end of compul-

sory schooling. We analyse two complementary margins of achievement. First, we examine the

completion of the 9th-grade assessment (labelled ’test-taking’), a binary variable indicating at least

one recorded mark from either continuous teacher assessment or a formal examination. Absence of

any recorded mark typically indicates grade retention, dropout, or transfer to non-standard educa-

tional tracks where conventional grading is not applied. Second, conditional on having a recorded

mark, we analyse standardised teacher assessments. Because educational records span 2002 to

2018, the analysis focuses on children born between 1986 and 2002. Grades are standardised to

have a mean of zero and unit variance within the corresponding subject-year distribution.

We use matched employer-employee registry data covering the universe of workers and job

spells from 1980 to 2017 to identify job loss events. These records are linked to earnings, unem-

ployment, and income registers. Earnings and post-tax income are expressed in 2020 Danish kroner

(DKK, with 7.46 DKK per euro and 6.54 DKK per US dollar). Unemployment data measure the

fraction of the calendar year that insured workers spend unemployed; for brevity, we refer to this

variable as (annual) unemployment duration. In addition, we observe tax-assessed asset values,
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sickness benefits, area of residence, and marital and cohabitation status.

3.1 Plant Closures

We begin by identifying plant closures and major downsizings following Browning and Heinesen

(2012). We track each plant’s owner (firm), industry, municipality, and workforce by linking plant

records to individual job spells and examining year-to-year changes in these characteristics between

end-of-November census dates. A plant is classified as closed if several of these characteristics

change from one year to the next (see Appendix A for details). Crucially, if, despite other changes,

a large share of employees is re-employed at a single newly established plant, we do not treat this

as a closure. The analysis is restricted to private-sector plants, as it is difficult to identify distinct

workplaces in the public sector.

Next, we define the closure year based on the magnitude of the employment contraction. We

require a minimum reduction of three employees and at least 30 percent of the workforce, and we

restrict attention to plants with at least five employees five years prior to closure. Among the last

three years of a plant’s operation, the closure year is defined as the year with the largest employment

decline (see Appendix A for details). This procedure identifies 51,002 closures between 1986

and 2017, or roughly 1,500 per year. Job flows around these events indicate that they are highly

disruptive for workers: in the year after closure, 96% of employees leave the plant, compared with

30% at non-closing plants. Moreover, 83% of workers at closing plants separate from their firm,

and 30% have no registered job spells in the subsequent year, compared with 30% and 15% among

workers at non-closing plants.

Plant closures are arguably difficult to anticipate. In 83% of cases, closures leave the plant

with no employees, with an average downsizing of 18 workers (median 9) in the closure year. By

contrast, the median closing plant has exactly the same headcount in the year before closure as

in the preceding year. Thus, closures generally do not follow a gradual, predictable downsizing
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trajectory. In Appendix Table B.1, we show that our results are robust to restricting the sample to

“pure” plant closures, defined as closures that leave the plant with no employees.

3.2 Sample Selection and Childhood Stages

We consider employees with a stable work history, irrespective of whether they experience a plant

closure. We select workers aged 25-60 with at least three years of tenure at their firm, regardless

of gender. Let t∗ denote the “base” year prior to plant closure for workers exposed to exactly one

closure. The selection applies in t∗ for exposed workers and in any year for unexposed workers.

Our treatment group consists of the children of workers experiencing plant closure. To de-

fine the relevant childhood stage at parental job loss, we consider children treated by at most one

parental closure, i.e., those whose mother or father, but not both, experiences a plant closure. Let

a(i) denote child i’s age in the plant closure year (t∗+1). We partition childhood into four stages:

infancy (0 ≤ a(i) ≤ 1), early childhood (2 ≤ a(i) ≤ 5), middle childhood (6 ≤ a(i) ≤ 11), and

late childhood (adolescence, 12 ≤ a(i) ≤ 16). This classification closely follows Carneiro et al.

(2021).4 In addition, children treated by parental job loss after school leaving age (17 ≤ a(i)≤ 22)

serve to further control for selection into treatment. Across ages 0-22, the working sample includes

133,805 treated children. Using the matching procedure described in Section 4, we select a control

group from the children of unexposed workers.

Treated children are negatively selected relative to the pool of potential controls, and this se-

lection becomes more pronounced if parental job loss occurs at later childhood stages. Appendix

Tables D.1 and D.2 compare observed characteristics for the full working sample and by child-

hood stage, respectively. On average, treated children come from families with annual incomes

that are 42,000 DKK lower, and their displaced parent has 0.17 fewer years of schooling. Among

adolescents, the corresponding gaps are 49,000 DKK and 0.26 years of schooling, with smaller

4Their study distinguishes three stages: early (ages 0-5), middle (ages 6-11), and late (ages 12-17). We end childhood
at age 16 to align with the timing of our outcome and split ages 0-5 to separately identify infancy effects.
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differences in early childhood. Our research design, described in the next Section, is explicitly

constructed to address this selection.

4 Empirical Strategy

We examine the effect of parental job loss on end-of-school educational outcomes as a function

of the child’s age at the time of the shock. A simple comparison between treated and untreated

children may yield biased estimates if the former have lower potential achievement. Although

plant closures are often treated as quasi-exogenous events because no selection occurs within es-

tablishments, Hilger (2016) provides evidence of negative selection into closing plants based on

unobservable characteristics, consistent with baseline differences between treated and untreated

children (see Appendix Table D.1). We address selection bias in two steps. First, following the

literature on job loss (e.g., Bertheau et al., 2022), we match each treated child aged between 0

and 22 in t∗+ 1 to an untreated counterpart of the same age with similar observable characteris-

tics. Second, we use the outcomes of children aged 17-22 at the time of parental job loss and of

their matched counterparts to adjust for potential selection on unobservables not captured by the

matching procedure.

We begin by matching treated to untreated children based on observable characteristics. This

procedure defines placebo plant closure events for the same child age and calendar year as the

real closures (Jaravel et al., 2018). Specifically, we partition the sample into cells defined by birth

year, child gender, and displaced parent’s gender. Within each base year and cell, we perform

1:1 nearest-neighbour matching without replacement, minimising differences in parental age at

childbirth, three-digit industry, plant size, tenure, earnings in t∗− 1 and t∗− 2, child’s number of

siblings and birth order. We successfully matched 98% of treated children, resulting in a final

sample of 130,927 treatment-control pairs.

As shown in Table 1, matched treated and control children exhibit nearly identical character-
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istics, a striking contrast to the pronounced differences observed in Appendix Table D.1. Beyond

exact matching on child and parent gender and cohort, parental plant size, tenure, earnings, and

family income in t∗ are statistically and substantively indistinguishable across groups. Appendix

Table D.3 further shows that observable characteristics remain balanced across all stages of child-

hood. In Section 5, we confirm that our findings are robust to controlling for all matching variables,

including those with minor residual imbalances (e.g., unemployment benefit receipt and industry).

Although treated and control children are matched on observable characteristics, the treatment

group may still differ in unobserved achievement potential. Because end-of-school outcomes are

measured once per child, we cannot employ event-study designs to account for such selection.

Instead, we approximate selection on unobservables using treatment-control differences among

children who had already completed compulsory schooling at the time of real or placebo parental

job loss (ages 17-22). Our main estimating equation is:

Yi = β0 +β1Ti + ∑
s∈{I,E,M,L}

βsTi ·1[a(i) ∈ s]+φa(i)+X ′
i π +ui, (1)

where Ti is an indicator equal to one if child i is treated, and s indexes the stage of childhood (with

I, E, M, and L denoting infancy and early, middle, and late childhood, respectively). We control

for indicators for the child’s age at the time of the real or placebo closure (φa(i)) and progressively

richer sets of individual characteristics (X ′
i ). The coefficient β1 captures constant treated-control

differences across ages at exposure that are netted out when estimating effects by childhood stage.

The coefficients βs capture the difference-in-differences estimates of the effect of parental plant

closure on an end-of-school outcome Yi during childhood stage s.5 Comparing βs estimates across

childhood stages allows us to assess how the impact of parental job loss on educational outcomes

varies with the timing of exposure.

5Abstracting from additional controls, βs = E[Yi|T = 1,a(i) ∈ s]−E[Yi|T = 0,a(i) ∈ s]− (E[Yi|T = 1,a(i) > 16]−
E[Yi|T = 0,a(i) > 16]). Our identification strategy addresses recent concerns about the validity of staggered designs
(e.g., De Chaisemartin and d’Haultfoeuille, 2020; Goodman-Bacon, 2021; Borusyak et al., 2024). Each treatment–
control pair forms an independent 2×2 difference-in-differences comparison, and control units are never treated.
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We rely on the assumption of age-invariant selection into treatment. Our estimates represent

the causal effect of parental job loss if, in the absence of treatment, any systematic differences

in end-of-school outcomes with the control group would have remained constant across children

treated at different ages. We indirectly test this assumption through a nonparametric specification

that estimates age-at-closure-specific treatment effects:

Yi = γ0 + γ1Ti +
22

∑
k=0

λkTi ·1[a(i) = k]+φa(i)+X ′
i ν + εi, (2)

where coefficients λk are normalized relative to a(i) = 17, the earliest age at which parental plant

closure cannot affect end-of-school outcomes. Under our identifying assumption, the estimates for

λ18, . . . ,λ22 should be statistically indistinguishable from zero. We report supportive evidence for

this restriction in Section 5. In addition, we find no systematic trends in mathematics achievement

among control children by age at placebo parental job loss, conditional on year and birth cohort

(see Appendix Figure D.1).

Our research design differs in an important way from that of Carneiro et al. (2024). Their

analysis relies on the conditional random assignment of mass layoffs and establishment closures

among workers with stable employment histories, holding constant rich information about families,

locations, and jobs. In a similar spirit, we match treated to untreated children on an extensive set of

observable characteristics.6 In contrast to their approach, we additionally exploit the observation of

children treated after school completion to construct difference-in-differences comparisons. Within

our framework, the contribution of this additional step can be evaluated by examining estimates of

β1 in Equation (1). This coefficient captures age-invariant selection into treatment that would be

missed in simple treatment-control comparisons. As shown in Section 5, treatment-control com-

parisons yield results broadly similar to those from our matched difference-in-differences design,

but small yet meaningful discrepancies support the value of our approach.

6Given the strong imbalances in observables between treated units and potential controls in our setting (see Appendix
Table D.1), constructing the control group through matching mitigates the extrapolation concerns that would arise using
only regression adjustment.

12



Our sample is restricted to children born by the calendar year of parental job loss, which limits

potential confounding from selection into parenthood. Identification concerns may nonetheless

arise if plant closures are anticipated, allowing for selective fertility responses. In addition, because

the exact timing of closure within the plant’s final year is not observed, a small share of children

born in the job-loss year (i.e., with a(i) = 0) may have been conceived after the closure. Robustness

checks reported in Appendix B alleviate these concerns by showing that our results are not driven

by closures that are ex ante more likely to be anticipated (e.g., characterised by gradual downsizes)

or by children born in the closure year.

Existing evidence further suggests that fertility responses to job loss are unlikely to account for

our findings. Huttunen and Kellokumpu (2016) document no fertility effects of job loss for men

and negative effects for women, implying that fertility adjustments cannot explain the estimated

impacts of paternal job loss. De Cao et al. (2022) show that higher unemployment raises fertil-

ity among women with high socioeconomic status while reducing it among more disadvantaged

women. Such a pattern would lead to a positive selection of treated families, implying that our

estimated achievement penalties are, if anything, lower bounds of the true effects.

5 Results

We first consider extensive margin responses. Panel A of Table 2 presents estimates from Equation

(1) showing the impact on ’test-taking’, which we interpret as a proxy for grade completion. This

variable takes the value of one if the student has any recorded mark (exam or teacher assessment)

and zero otherwise, indicating severe disengagement or dropout. We find that children exposed

to parental job loss during infancy are one percentage point less likely to complete these assess-

ments. Given a baseline participation rate of 92%, this decline explains approximately 13% of the

observed non-completion. In contrast, estimates for exposure during early childhood (0.6 percent-

age points), mid-childhood (0.5 percentage points), and adolescence (0.3 percentage points) are
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smaller in magnitude and not statistically distinguishable from zero. These results remain robust

across specifications with varying controls, including models saturated with industry and county

fixed effects (Columns 1-3). Notably, the estimated coefficient on the time-invariant treatment

group indicator (β1), although marginally significant, is large relative to the treatment effect, un-

derscoring the importance of our strategy for accounting for underlying selection bias.

Conditional on taking the test, parental job loss significantly reduces mathematics achievement,

with the most severe penalties observed for shocks occurring during infancy. Panel B of Table 2

presents estimates for teacher assessments in mathematics. In our preferred specification with full

controls (Column 3), job loss during infancy reduces mathematics achievement by 0.04σ . We

estimate a smaller reduction of 0.02σ for exposure in early childhood and a comparable coefficient

for adolescence, though the latter is statistically imprecise (p = 0.22). Effects for mid-childhood

exposure are negligible. If the attrition induced by the treatment (see Panel A) comes from the

lower end of the ability distribution, these estimates represent a lower bound of the true negative

effects. This interpretation is consistent with the decreasing coefficient magnitudes when we add

controls for parental and child characteristics (Columns 1-3), as these covariates partially account

for the negative selection into non-participation.

Nonparametric estimates reveal no significant effects of exposure after age 16, supporting our

key identifying assumption. Figure 1 displays the coefficients λk from Equation (2), estimated with

the full set of controls (corresponding to Column 3 of Table 2). For both test-taking (Panel A) and

mathematics assessments (Panel B), treatment effects are statistically indistinguishable from zero

for job losses occurring after compulsory school age. Consistent with this visual evidence, F-tests

for the joint significance of the post-complusory coefficients (λ18, . . . ,λ22) fail to reject the null

hypothesis (p = 0.49 for test-taking and p = 0.92 for mathematics).

Our research design nests a conditional-independence strategy, which compares treated and un-

treated children solely on observables. In Appendix Table D.4, we leverage this feature to demon-
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strate the substantive importance of accounting for selection on unobservables, as our preferred

difference-in-differences model does. Specifically, we contrast our baseline estimates (reproduced

in Columns 1-2) with results from a specification that compares matched treated and control chil-

dren within each childhood stage, but excludes the older reference group (ages 17-22). While the

findings are broadly consistent across designs, two notable differences emerge. First, estimates for

adolescent exposure (Columns 9-10) in the alternative design are more sensitive to the inclusion

of control variables, likely reflecting stronger selection into parental job loss at older ages (as dis-

cussed in Section 3). Second, the magnitude of the effect on test-taking is notably smaller in the

alternative specification, suggesting that our preferred model successfully corrects for substantial

age-invariant selection bias that would otherwise attenuate the results. The alternative specification

adapts the identification strategy employed by Carneiro et al. (2024) to our setting, i.e., relying

on propensity score matching without the additional adjustment for age-invariant unobservables.

Carneiro et al. (2024) report particularly strong adverse effects for exposure during adolescence, es-

pecially for maternal displacement, and emphasize maternal and child mental-health mechanisms.

While our robustness checks show that age patterns are broadly similar across designs, some differ-

ences in headline results may still reflect sample composition, differences in outcomes measured or

their timing (end of grade 9 versus tenth-grade GPA and absenteeism), or the relative importance

of psychosocial channels during adolescence.

Analysis of additional educational outcomes confirms that parental job loss is most detrimental

when experienced during infancy (Table 3). Panel A reports estimates for further achievement

measures. Consistent with the literature, we find smaller effects on achievement in language scores

than in mathematics.7 Although estimated effects are smaller for standardized tests, the results in

Panels B and C suggest that the achievement shocks measured by teacher assessments translate

into tangible disruptions in students’ educational trajectories.

7Performance in mathematics is more responsive to school interventions than language performance (Zheng, 2022).
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Panel B shows that by age 16, children treated during infancy are more likely to experience

a fragmented educational history. For this group, a composite “roadblock” index, capturing non-

standard annual progression, grade retention, or failure to complete an academic year, increases

by one percentage point (Column 1). Although statistically imprecise, point estimates also suggest

that parental job loss during infancy increases the probability of changing schools and of opting for

the voluntary 10th grade, thereby delaying high school entry (Columns 2-3). A similar increase in

school mobility is also observed for children treated during adolescence.

Children experiencing parental job loss during infancy are significantly less likely to enrol in

general upper secondary programs by age 16. Panel C of Table 3 examines enrollment outcomes at

the start of the academic year. We find that children treated during infancy are 0.5 percentage points

more likely to have exited the education system entirely and two percentage points more likely to

remain in elementary education (delayed progression) compared to the control group (Columns

1-2).8 This disruption primarily displaces students from higher tracks: enrollment in vocational

programs falls by 0.95 percentage points (Column 3), and enrollment in technical or academic

high schools declines even more sharply by 1.4 percentage points (Column 4). Notably, we also

find a smaller but statistically significant increase in the likelihood of dropout for parental job losses

during adolescence (0.3 p.p., Column 1).

In summary, our analysis uncovers moderate yet economically meaningful achievement penal-

ties for children exposed to parental job loss before age two; estimates that remain robust across

specifications within our identification framework. We also detect smaller but economically mean-

ingful adverse effects for exposure during the remainder of early childhood and adolescence, a

pattern consistent with the timing of income shocks most strongly associated with long-run out-

comes in the literature (Carneiro et al., 2021). The concentration of these penalties in the earliest

stages of childhood aligns with theoretical models featuring credit constraints and dynamic comple-

8Dropout is defined as being not in education at age 16 or failing to complete the school grade started at that age.
The estimated dropout increase equals 36% of the control group average (see Table D.5).
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mentarities in human capital investment (Caucutt and Lochner, 2020). Using estimates from other

studies in the literature helps contextualizing the economic significance of our results. Jackson and

Mackevicius (2024) find that increasing spending by $1,000 per pupil for four years improves test

scores by 0.03σ . Applied to our framework, this implies that the estimated achievement penalty of

0.04σ for parental job loss during infancy is equivalent to a $1,300 reduction in per-pupil spend-

ing for four years. Chetty et al. (2014) estimate that a 1σ increase in teacher value-added raises

achievement by 0.14σ , implying that our estimate corresponds to the impact of a 0.3σ reduction

in teacher quality.

5.1 Heterogeneous Effects

The adverse impacts of parental job loss during infancy are disproportionately concentrated among

low-income families. In Table 4, we investigate treatment effect heterogeneity by stratifying the

sample according to the baseline characteristics listed in the column headers. Achievement reduc-

tions for parental job loss during infancy are similar across gender of the displaced parent (Panel

B, Columns 1-2) and child gender (Columns 3-4). However, the estimated penalty is 0.07σ for

families with pre-treatment income below the median (Column 5), double the average estimate in

Table 2. We also find that the reduction in test-taking is more pronounced for daughters (Panel A

of Table 4, Column 3).

In contrast, the adverse impacts of parental job loss during adolescence are more pronounced

for maternal plant closures and among sons (approximately 0.03σ ; Panel B, Columns 1 and 4).

Given that teacher assessments critically determine upper-secondary school tracks and are per-

formed during adolescence, psychological stress is a plausible mechanism. This interpretation is

supported by evidence that males experience greater declines in performance than females due

to exam-related stress (Heissel et al., 2021). Furthermore, Carneiro et al. (2024) find that moth-

ers of adolescents suffer particularly severe mental health shocks following job loss, which may
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compound the stress transmitted to the child.

By integrating test-taking and achievement scores, we next demonstrate that parental job loss

during infancy disproportionately harms children at the lower end of the potential outcome dis-

tribution. Figure 2 plots the estimated treatment effects across the achievement distribution, with

dashed vertical lines marking the quartile thresholds.9 Negative impacts are substantially larger

for children exposed during infancy (Panel A). For this group, the probability of scoring above the

median falls by approximately two percentage points. Notably, the gap in adverse effects between

infancy and later childhood widens in the second and third quartiles. In contrast, regardless of the

timing of the shock, treatment effects converge to zero in the upper achievement quartile, indicating

that high-performing students are largely shielded from these negative impacts.

In summary, the adverse effects of parental job loss during infancy are persistent across demo-

graphic subgroups but are particularly acute for children from low-income families and those with

below-median potential achievement. While characterising this heterogeneity can help policymak-

ers target the most vulnerable populations, it leaves the underlying channels largely unexplained

and offers limited insight into why certain children suffer more severe penalties. We address this

gap in the following Section.

6 Mechanisms

We now turn to investigating the mechanisms driving the adverse effects of parental job loss on

children’s achievement. Overall, the evidence points most strongly to a household-resources chan-

nel: achievement losses are larger when predicted family income shocks are larger and when

baseline buffers are weaker (e.g., lower assets). By contrast, we find limited support for mech-

anisms operating primarily through residential mobility, subsequent fertility, or childcare availabil-

9We construct 80 binary indicators corresponding to scoring at or above equally spaced thresholds within the
(−2σ ,2σ) interval. We then estimate Equation (1) separately for each indicator. Children who do not participate in
the exams are assigned a value of zero, effectively treating non-participation as falling below the lowest threshold.
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ity; this evidence is less informative about stress- or mental-health channels that affect the quality

of parent-child interactions. We begin by documenting the dynamic evolution of parental labor

market outcomes, family income, household stability, and sickness benefits following job loss. We

then leverage heterogeneity in these parental responses to examine how they correlate with chil-

dren’s educational outcomes. Finally, we discuss the role of financial constraints in explaining why

younger children appear especially vulnerable to income shocks.

6.1 Effects on Parents’ Outcomes

We analyse the dynamic evolution of parental outcomes following job loss. Because parental re-

sponses to economic shocks vary systematically over the life cycle (Salvanes et al., 2024), these

dynamics are a primary candidate for explaining the age-dependent effects we document. We char-

acterise these responses by estimating a series of event studies around plant closures using the

following specification:

Yit = θ0 +θ1Ti +
10

∑
l=−6

αlTi ·1[t = t∗i +1+ l]+
10

∑
l=−6

µl ·1[t = t∗i +1+ l]+ψi +ψt +ζit , (3)

where Yit denotes a parental outcome for child i in year t. We normalize event time such that l = 0

corresponds to the year of plant closure (t∗i + 1), and we estimate the coefficients αl relative to

the baseline year l = −3 (t∗i − 2). By leveraging the panel structure of our data, we include child

fixed effects (ψi), paralleling the standard worker-fixed effects approach in the literature on job loss

(e.g., Bertheau et al., 2022). The coefficients αl thus capture the dynamic causal impact of plant

closure on parental trajectories relative to the control group. We estimate this model separately by

childhood developmental stage and present the results in Figure 3.

Job displacement triggers an immediate and substantial decline in labor market outcomes. In

the year following plant closure, the probability of the displaced parent recording positive earnings

falls by approximately 3 percentage points on average, with slightly larger declines observed for
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parents of infants (Figure 3, Panel A). Concurrently, parental earnings drop by approximately DKK

25,000, with losses being notably more severe and persistent for parents of adolescents (Panel B).

This gradient is consistent with Salvanes et al. (2024). Finally, displaced parents experience a

sharp increase in unemployment duration, the magnitude of which is similar across all childhood

developmental stages (Panel C).

Job displacement translates into sizable reductions in family income. On average, family in-

come falls by about DKK 20,000 in the year after job loss (Panel D). Reflecting larger earnings

penalties at older ages, short-term income losses are roughly twice as large for families with ado-

lescent children as for those with children in infancy. However, cumulative income shocks appear

damaging for younger households: ten years after job loss, families of children exposed during

infancy hold substantially fewer assets and are about 1 percentage point less likely to own their

home (Panels A and B of Appendix Figure D.2).

Job loss also leads to a moderate decline in family stability and an increase in sickness bene-

fit receipt. The probability of parental cohabitation falls by approximately 0.5 percentage points

on average, an effect that is most pronounced for families with the youngest children (Figure 3,

Panel E). This dissolution emerges several years post-displacement, manifesting as a slow but per-

sistent deterioration of the family environment. Concurrently, sickness benefits spike in the year

of job loss, suggesting an immediate adverse shock to parental health. Because observed sickness

subsidies in our data include maternity leave benefits, the increase is substantially larger for dis-

placements occurring during the child’s infancy. Appendix Figure D.3 confirms that this spike is

driven by maternal job losses. In contrast, we detect no significant effects on residential mobil-

ity (moving to another parish, Appendix Figure D.2, Panel C) or subsequent fertility (birth of a

younger sibling, Panel D).

In summary, these results indicate that average responses to parental job loss do not always

align with the sharper achievement penalties observed among infants. However, average trajecto-
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ries may conceal substantial variation. In the following subsection, we exploit this heterogeneity

to identify which dimensions of parental shock are most strongly associated with reductions in

achievement.

6.2 Parental Outcomes and Achievement Effects

We estimate individual-level impacts of parental job loss following the approaches in Britto et

al. (2022a) and Schmieder et al. (2023). Using our matched treatment-control pairs, we compute

difference-in-differences estimates at the child level for four outcomes: family income, parental

unemployment status, cohabitation arrangements, and receipt of sickness benefit. To examine treat-

ment effect heterogeneity, we project individual treatment effects onto baseline characteristics and

use these predictions to stratify our sample (see Appendix C for details). We rely on predicted

rather than realized impacts because the latter are influenced by parental job loss, which would

introduce endogeneity bias into our heterogeneity analysis.

Predicted family income changes are remarkably dispersed, as illustrated in Panel A of Ap-

pendix Figure C.1. The average predicted reduction is DKK 24,000 per year, a magnitude consis-

tent with our event study estimates (Figure 3, Panel D). The interquartile range spans from a loss of

DKK 78,000 to a gain of DKK 24,000 per year.10 Heterogeneity in predicted family income loss

is relatively more pronounced among children experiencing parental job loss in the earliest stages;

this subgroup exhibits only half the average loss observed in older families, yet records a compa-

rable standard deviation. Predicted changes in unemployment, parental cohabitation, and sickness

benefits are also heterogeneous but substantially less dispersed (Panels B-D of Appendix Figure

C.1). Heterogeneous labour market prospects following job loss are consistent with evidence in

Athey et al. (2024) and Gulyas and Pytka (2025).

10While positive income effects following job loss may appear counterintuitive, they likely reflect improved job
match quality for displaced parents, mean reversion among prior minimum-wage earners, or estimation noise inherent
in individual-level predictions.
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Achievement reductions spurred by parental job loss during early stages are strongly associated

with the severity of the family income shock. Using teacher assessments in mathematics, we

estimate Equation (1) separately for terciles of predicted changes in family income. Terciles are

computed across the entire distribution of income changes in our sample, i.e., they are not specific

to a given childhood stage. In this way, we compare children experiencing income shocks of

similar magnitude, with the only difference being the timing of the shock. In Panel A of Figure

4, we estimate a 0.07σ reduction in achievement among families with infant children in the first

and second terciles, those corresponding to the largest income losses (see Appendix Table C.1).

In contrast, the effect for the third tercile, in which family income remains similar to or increases

after job loss, is statistically indistinguishable from zero. This gradient exists but is attenuated for

children treated at later stages.

Two additional exercises corroborate the importance of family income shocks. First, achieve-

ment penalties from parental job loss during infancy scale linearly with the magnitude of the in-

come drop. Appendix Figure D.4 plots the estimated impacts on mathematics assessments against

the average income shock within each quintile of predicted change. For children exposed during

infancy (Panel A), each additional DKK 10,000 of annual family income loss is associated with a

0.006σ reduction in mathematics achievement, and this linear relationship closely tracks our point

estimates. This gradient attenuates for children exposed in early and mid-childhood (Panels B and

C) and vanishes entirely for those treated in adolescence (Panel D).

Second, we observe adverse effects on achievement only when the job loss affects the house-

hold’s primary earner. Appendix Figure D.5 presents estimates of βs from Equation (1), stratified

by whether the displaced parent’s baseline earnings exceeded (“primary earner”) or fell short of

(“secondary earner”) their partner’s. Job loss of a primary earner during a child’s infancy reduces

test-taking by nearly 2 percentage points and mathematics scores by 0.06σ ; in contrast, we detect

no significant effects for secondary earners. While the magnitude is smaller, the displacement of
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a primary earner also generates adverse impacts when exposure occurs at later childhood stages.

Similarly, increased educational fragmentation and missed or delayed enrolment into higher tracks

are concentrated among job losses involving a primary earner (see Appendix Table D.6).

Panel B of Figure 4 shows how the achievement effect of parental job loss varies by terciles

of parental unemployment duration. In addition to its negative effects through income losses,

unemployment may also positively impact children’s outcomes through increased availability of

parental time. However, to the extent that unemployed parents experience low mood or stress, this

latter channel may negatively affect children. The figure shows that for most childhood stages, the

estimated effects are statistically indistinguishable across terciles, suggesting that the duration of

the parent’s unemployment spell is not the primary driver of our results. An exception appears in

infancy, where children exposed to the longest parental unemployment spells suffer significantly

larger penalties. While this exception might suggest a distinct role for parental distress in account-

ing for our results, we interpret this pattern with caution.

First, as already noted, predicted changes in unemployment duration are substantially more

compressed than predicted changes in family income. Appendix Table C.1 illustrates this contrast.

Moving from the bottom to the top tercile of predicted family income change, the within-tercile

average loss increases by about DKK 190,000, close to one quarter of income for the average

family (Table 1). By contrast, moving from the bottom to the top tercile of predicted unemployment

change increases the within-tercile average by only about 4.3 percent of a year, i.e., roughly 16 days

on unemployment benefits. Given this limited dispersion, differences in predicted unemployment

duration changes imply relatively modest variation in the availability of parental time, so one would

not expect large differences in child outcomes to arise from this channel alone.

Second, to address the interplay between our findings and parental time availability, we use data

on childcare coverage at the municipal level over time. Appendix Table D.7 presents heterogeneous

effects by degree of cohort-specific childcare quality and availability. We find that achievement re-
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ductions are not larger among children in municipalities with lower child-care availability, who are

more likely to spend time at home with their parents. This pattern therefore provides little support

for mechanisms operating primarily through differences in parental time availability. In light of

this evidence, we interpret the gradient observed in Panel B for infants as reflecting underlying

income effects rather than as an indication of additional mechanisms operating through unemploy-

ment, although we cannot rule out stress- or mental-health-related channels that affect the quality

of interactions and may be only weakly related to childcare availability.

Finally, we find largely overlapping effects across terciles of predicted changes in parental

cohabitation (Panel C of Figure 4) and sickness benefit receipt (Panel D), indicating that family

stability and parental health do not account for the observed achievement penalties. However, in

the absence of direct measures of mental health, we cannot rule out a role for parental depression,

which may be correlated with income shocks.11

6.3 Discussion

Our findings indicate that family income loss is the primary mechanism through which parental

job displacement adversely affects children’s educational outcomes. This interpretation aligns with

evidence of positive effects on child development of cash transfer programs targeting disadvan-

taged families (Dahl and Lochner, 2012; Aizer et al., 2016; Hoynes et al., 2016). Studies that

specifically examine job loss also find that larger parental income losses generate more substantial

reductions in children’s educational attainment (Hilger, 2016; Britto et al., 2022a). One plausi-

ble channel is reduced household consumption: evidence shows that spending on necessities such

as groceries declines sharply during unemployment spells, as households struggle to smooth con-

sumption (Ganong and Noeng, 2019; Gerard and Naritomi, 2021).

The association between family income loss and reductions in achievement is concentrated

11Bhalotra et al. (2025) find that larger income drops after job loss lead to increased domestic violence, plausibly
through heightened stress.
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among children exposed to parental job loss before age five. Notably, because annual income drops

are smaller and less persistent for younger children (Panel D of Figure 3), cumulative income losses

by age 16 are not substantially larger for this group compared to children exposed at later stages.

This pattern indicates that the effects are not driven by prolonged exposure to reduced income, but

rather by specific vulnerability of early childhood development to income shocks.

We provide evidence that younger families’ lower asset holdings may drive their specific vul-

nerability to income shocks. In the Danish context, Andersen et al. (2023) demonstrate that house-

holds’ primary mechanism for smoothing consumption after job loss is asset decumulation; con-

sequently, families with fewer assets are likely to experience sharper declines in consumption.

Consistent with this mechanism, Figure 5 shows that achievement losses are concentrated among

families with low baseline assets, particularly those facing the largest predicted income shocks. In

the latter group, low-asset families experience a 0.1σ reduction in achievement (Panel A), an effect

that doubles to 0.2σ among non-homeowners (Panel B).12

The latter findings support the hypothesis that assets serve as a critical buffer against resource

loss. This interpretation aligns with the differential dynamics of family assets following job loss

across childhood stages (Appendix Figure D.2, Panel A). Older families exhibit a large, immedi-

ate reduction in assets, consistent with active decumulation to smooth consumption. In contrast,

younger families experience significant asset penalties only in the long run, suggesting that job loss

primarily disrupts life-cycle asset accumulation, while their limited initial holdings constrain their

ability to draw down assets for immediate consumption smoothing.

12Before job loss, the median families with infants owns about half the assets compared to families with adolescents
(DKK 974,000 versus DKK 1.8 million). Moreover, only 73% of infants’ families own a home in our sample, against
80% at later stages.
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7 Conclusion

This paper provides new causal evidence that the timing of economic shocks determines the extent

of their intergenerational transmission. By exploiting plant closures in Denmark and accounting

for selection bias with a novel design, we document that parental job loss generates more severe

human capital scars when the shock hits children during infancy. For children exposed before age

two, the shock significantly reduces ninth-grade achievement, increases the probability of grade

retention, and lowers enrollment in general upper-secondary programmes.

These results highlight the cumulative nature of human capital formation. Test-taking and

ninth-grade performance act as gatekeepers that determine future opportunities. A shock in in-

fancy does not merely lower a test score; it alters the probability that a child clears the specific

administrative and academic hurdles necessary to enter general upper-secondary education. This

path dependence suggests that a transient liquidity shock in the first years of life can dictate adult

socioeconomic status. Our findings thus provide empirical support for theories of dynamic com-

plementarity, in which early-life inputs lay the foundation for the productivity of subsequent in-

vestments.

Our analysis sheds light on the “black box” of the early stage sensitivity by examining the inter-

action between household resources and child age. Our findings suggest that financial constraints,

rather than other mechanisms, mainly drive the infancy penalty. We show that achievement reduc-

tions are concentrated among families with below-median income and among those with limited

assets, who experience substantial income declines after job loss. In these households, the inability

to smooth consumption likely represents the primary channel of damage.

The context of our study, a generous welfare state with universal healthcare and subsidized

childcare, implies important lessons for external validity. That we detect significant scarring effects

in Denmark suggests that the actual cost of early-life shocks may be even higher in settings with

weaker social protection. Even with high-quality public daycare, the financial distress caused by a
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parental layoff permeates the home environment enough to derail long-run outcomes.

Finally, our findings suggest that policymakers could optimise social insurance design by ac-

counting for child development. Current unemployment benefit schedules typically replace a fixed

share of income regardless of family composition, implicitly assuming that the social cost of a

layoff is constant across workers. Our evidence indicates that this “one-size-fits-all” approach may

be inefficient. Since the marginal damage of a dollar lost is highest during a child’s infancy, so-

cial safety nets could achieve higher long-run returns by targeting enhanced stability resources to

parents of very young children. Such policies could take the form of higher replacement rates,

lump-sum transfers upon birth, or extended benefit durations for new parents. By preventing tran-

sient liquidity shocks from becoming permanent human capital scars, these targeted interventions

may offer a cost-effective strategy to disrupt the intergenerational transmission of inequality.
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Figure 1: Parental Plant Closure Impacts by Age at Closure

Panel A. Test taking

Panel B. Teacher assessment in maths

Note. The figure shows estimates of the impact of parental plant closure on test-taking (Panel A) or a child’s grade nine achievement
in mathematics (Panel B) by age in the year of closure. Plotted are estimates of coefficients λk from Equation (2). Boundaries of the
95% confidence intervals are plotted as dashed lines. Standard errors are clustered at the family level. In Panel A, the outcome is a
binary variable equal to one if the child does not obtain teacher assessments or test scores in grade nine examinations. In Panel B,
the dependent variable is teacher assessment in mathematics, standardised to have a mean of zero and unit variance within each year’s
student population. The estimated specifications are analogous to column (3) of Table 2. See Section 5 for details.
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Figure 2: Distributional Impacts of Parental Plant Closure by Age at Closure

Panel A. Children exposed in infancy Panel B. Children exposed in early childhood

Panel C. Children exposed in mid childhood Panel D. Children exposed in late childhood

Note. The figure shows estimates of the distributional impacts of parental plant closure on a child’s grade nine achievement by age
in the year of closure. Plotted are estimates of coefficients δs from Equation (1) from 80 different regressions. Outcomes are binary
variables equal to 1 if the child’s teacher-assessed mathematics meets at least the level in question. We consider 80 levels using equally
spaced 0.05σ -wide intervals from −2σ to 2σ . Outcomes are coded as zero for children who do not receive teacher assessments. Panels
A, B, C, and D plot treatment effects on children exposed to parental plant closure in infancy (age 0-1), and early (age 2-5), mid (age
6-11) or late (age 12-16) childhood, respectively. Boundaries of the 95% confidence intervals are plotted as dashed lines. The estimated
specification is analogous to column (3) of Table 2. See Section 5 for details.
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Figure 3: Plant Closure Impacts on Parental Outcomes by Childhood Stage

Panel A. Positive earnings Panel B. Earnings ('000s DKK)

Panel C. Unemployment duration Panel D. Family income ('000s DKK)

Panel E.  Parents cohabit Panel F. Sickness benefits

Note. The figure shows event study estimates of the impacts of plant closure on parents’ outcomes. Plotted are estimates of coefficients
αl from Equation (3), separately for children in infancy (age 0-1), early childhood (age 2-5), mid childhood (age 6-11) or adolescence
(age 12-16) at parental job loss. Boundaries of the 95% confidence intervals are plotted as dashed lines. Years to or from plant closure
are displayed on the x-axis, with x = 0 marking the year of job loss. The sample is restricted to observations in the (-6,10) relative time
window, and coefficients are parameterised with respect to x =−2. Reported outcomes are: employment (a binary variable equal to one
if positive earnings are recorded in the year, Panel A); labor earnings in DKK thousands (Panel B); the length of unemployment spells
in the year, normalised to 1000 (Panel C); the sum of parents’ post-tax incomes (Panel D); parental cohabitation (a binary variable equal
to one if parents live together, Panel E); sickness or maternity leave benefits received from the municipality in DKK thousands (Panel
F). Standard errors are clustered at the individual level. See Section 6 for details.
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Figure 4: Predicted Job Loss Impacts and Math Achievement

Panel A. Family income Panel B. Parental unemployment duration

Panel C. Parents cohabit Panel D. Sickness and maternity leave benefits

Note. The figure shows estimates of the impacts of parental plant closure on children’s grade nine teacher assessment in mathematics
by childhood stage at parental job loss and by predicted impacts on family income (Panel A), parental unemployment (Panel B),
parental cohabitation (Panel C), or sickness benefits (Panel D). See the note to Figure 3 for definitions of parental outcomes. Plotted
are estimates of the coefficients δs from Equation (1) from separate regressions that split the sample by tercile of predicted impacts.
Impacts are first estimated at the child level as difference-in-differences comparisons between each treated unit and its matched control,
and are then regressed on a detailed set of parental, child, and family characteristics; the fitted values from the regressions are used
to compute predicted impacts. The estimated specification is analogous to column (3) of Table 2. See Section 6 and Appendix C for
details.
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Figure 5: Parental Plant Closure Impacts, Family Income, and Assets drop

Panel A. Income drop and assets

Panel B. Income drop and homeownership

Note. The figure shows estimates of the impacts of parental job loss on children’s grade nine teacher assessment in mathematics
by childhood stage at parental job loss, by predicted impacts on family income, and by baseline family asset level. Estimates are
analogous to Panel A of Figure 4, with additional sample splits by asset level. “Mild or no loss”, “moderate loss”, and “large loss”
indicate predicted family income changes following job loss in the third, second, or first tercile, respectively. Panel A splits the sample
based on median family assets two years before job loss. Asset values are summed between parents. Outlier asset values are winsorized
at levels exceeding the 75th percentile by three times the interquartile range. Panel B splits the sample by home ownership status two
years before job loss. See Section 6 and Appendix C for details.

36



Table 1: Descriptive Statistics on Treated and Control Children

Treated children Control children

Mean SD Mean SD Diff. p
(1) (2) (3) (4) (5) (6)

Male 0.514 0.500 0.514 0.500 0.000 1.000
Parent’s plant size 144.717 320.602 144.549 382.537 0.168 0.903
Parent’s tenure 7.648 4.854 7.643 4.949 0.005 0.774
Parent’s earnings (2020 DKK, 000’s’) 429.440 251.231 428.974 272.183 0.466 0.649
Parent’s post-tax income (2020 DKK, 000’s) 474.802 533.197 473.850 513.770 0.952 0.642
Family post-tax income (2020 DKK, 000’s) 804.468 379.241 801.188 397.529 3.280 0.031
Father 0.658 0.474 0.658 0.474 0.000 1.000
Parent’s age at birth 30.707 4.953 30.702 5.009 0.005 0.811
Parent’s age 39.630 7.288 39.627 7.328 0.004 0.894
Parent’s years of education 12.780 2.210 12.885 2.230 -0.105 0.000
Parent received UI 0.113 0.317 0.082 0.275 0.031 0.000
Unemployment duration (1000=full year) 16.161 71.429 10.302 57.339 5.859 0.000
Parent in services 0.357 0.479 0.321 0.467 0.036 0.000
Parent in industry 0.283 0.450 0.308 0.461 -0.025 0.000
Parent in commerce 0.252 0.434 0.273 0.446 -0.021 0.000

130,927 130,927

Note. The table shows descriptive statistics for treated and control children. The sample includes matched treatment-control pairs
resulting from the procedure described in Section 4. Parental and child characteristics are observed in the base year (the year before
real or placebo job loss). Family post-tax income is defined as the sum of parents’ incomes. Statistics in this table average across
childhood stages, including children aged beyond school completion at real or placebo parental job loss (ages 0-22). Columns (1) and
(3) show average values for treated and control children, respectively. Columns (2) and (4) show the corresponding standard deviations.
Column (5) computes the difference between Columns (1) and (3). Column (6) reports the p-value of the associated t-statistics. See
Section 4 for details.
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Table 2: Impacts of Parental Plant Closure

(1) (2) (3)

Panel A. Test taking
Treated 0.0033 0.0037 0.0034

(0.0026) (0.0025) (0.0026)
Treated X Infant (0-1 years) -0.0089** -0.0094** -0.0097**

(0.0043) (0.0043) (0.0043)
Treated X Early childhood (2-5 years) -0.0055 -0.0058* -0.0057

(0.0035) (0.0035) (0.0035)
Treated X Mid childhood (6-11 years) -0.0046 -0.0046 -0.0045

(0.0032) (0.0032) (0.0032)
Treated X Late childhood (12-16 years) -0.0036 -0.0032 -0.0031

(0.0033) (0.0033) (0.0033)

N 261,854 261,854 261,854

Panel B. Teacher assessment in maths
Treated -0.0136 0.0019 0.0031

(0.0098) (0.0092) (0.0093)
Treated X Infant (0-1 years) -0.0264 -0.0353** -0.0407***

(0.0163) (0.0155) (0.0155)
Treated X Early childhood (2-5 years) -0.0061 -0.0190 -0.0216*

(0.0133) (0.0125) (0.0126)
Treated X Mid childhood (6-11 years) 0.0004 -0.0063 -0.0072

(0.0122) (0.0114) (0.0114)
Treated X Late childhood (12-16 years) -0.0150 -0.0157 -0.0143

(0.0126) (0.0118) (0.0118)

N 239,598 239,598 239,598

Age at closure dummies X X X
Parental and child characteristics X X
Industry and county dummies X

Note. The table shows estimates of the impact of parental job loss on children’s test-taking (Panel A) and achievement in mathematics
(Panel B) at the end of compulsory school (grade nine). The sample includes the 130,927 treatment-control pairs identified as detailed
in Section 4. Reported are estimates of β1 (binary variable “Treated”) and βs (the interactions with childhood stage at parental job loss)
in Equation (1). Outcomes are defined as in the note to Figure 1. Column (1) controls for age at closure, year of closure, and child year
of birth dummies. Column (2) adds: displaced parents’ earnings, unemployment, and post-tax income, dummies for gender, age, and
age at birth decile, teen parenthood, tenure quintile, and plant size decile; dummies for child’s gender, number of siblings quintile, and
birth order quartile. All characteristics are measured in the base year. Column (3) adds industry (3-digit) and county dummies. The
number of observations is computed before the exclusion of singleton observations (3 units in Column 3). Standard errors are clustered
at the family level. See Section 5 for details. *** p<0.01, ** p<0.05, * p<0.1
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Table 3: Impacts of Parental Job Loss – Additional Outcomes

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

Panel A. Achievement
Teacher assessment Std. Test Std. Test

in Danish Mathematics in Danish
Treated -0.0083 -0.0016 -0.0127

(0.0088) (0.0094) (0.0089)
Treated X Infant (0-1 years) -0.0231 -0.0259* -0.0175

(0.0147) (0.0156) (0.0149)
Treated X Early childhood (2-5 years) -0.0028 -0.0171 -0.0049

(0.0119) (0.0126) (0.0121)
Treated X Mid childhood (6-11 years) -0.0016 -0.0003 -0.0012

(0.0109) (0.0115) (0.0110)
Treated X Late childhood (12-16 years) 0.0021 -0.0082 0.0115

(0.0111) (0.0118) (0.0113)

N 240,006 238,787 240,142

Panel B. Education disruption
Roadblock School move Take grade 10

Treated -0.0046 -0.0070* -0.0046
(0.0030) (0.0041) (0.0048)

Treated X Infant (0-1 years) 0.0112** 0.0091 0.0121
(0.0053) (0.0070) (0.0081)

Treated X Early childhood (2-5 years) 0.0029 0.0102* -0.0000
(0.0043) (0.0057) (0.0065)

Treated X Mid childhood (6-11 years) 0.0041 0.0047 0.0003
(0.0039) (0.0052) (0.0059)

Treated X Late childhood (12-16 years) 0.0056 0.0104** 0.0017
(0.0040) (0.0053) (0.0061)

N 260,500 260,500 260,500

Panel C. Enrolment at age 16
Dropout Compulsory school Vocational General

programme programme
Treated -0.0029** -0.0066 0.0044 0.0047

(0.0012) (0.0047) (0.0028) (0.0042)
Treated X Infant (0-1 years) 0.0050** 0.0228*** -0.0095** -0.0144**

(0.0020) (0.0079) (0.0043) (0.0072)
Treated X Early childhood (2-5 years) 0.0025 0.0049 -0.0046 -0.0014

(0.0016) (0.0064) (0.0036) (0.0058)
Treated X Mid childhood (6-11 years) 0.0025* 0.0084 -0.0043 -0.0058

(0.0015) (0.0058) (0.0033) (0.0052)
Treated X Late childhood (12-16 years) 0.0034** 0.0042 -0.0068** -0.0010

(0.0015) (0.0060) (0.0035) (0.0054)

N 250,348 261,854 261,854 261,854

Age at closure dummies X X X X
Parental and child characteristics X X X X
Industry and countty dummies X X X X

Note. The table shows estimates of the impact of parental job loss on additional educational outcomes. Estimated specifications are
analogous to column (3) of Table 2. Panel A considers additional achievement measures. Standardised tests are scores from formal
examinations. Teacher assessments are grades from continuous assessments. Panel B considers indicators of fragmented educational
spells. Dependent variables are binary, equal to one if the outcome is realised at least once by the end of compulsory school (age
16). The “roadblock” index equals one if a student either recorded multiple educational spells within the same academic year, grade
retention, or failure to complete an academic year. Panel C considers children’s enrolment status at age 16. Dropout is defined as being
not in education at age 16 or failing to complete the school grade started at that age. The latter completion is not observed for the older
cohort (year of birth 2002). See Section 5 for details. *** p<0.01, ** p<0.05, * p<0.1
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Table 4: Heterogeneous Impacts of Parental Plant Closure

(1) (2) (3) (4) (5) (6)
Mother Father Female Male Family income

Low High
Panel A. Test taking

Treated 0.0064 0.0021 0.0035 0.0031 0.0031 0.0017
(0.0041) (0.0033) (0.0033) (0.0038) (0.0050) (0.0028)

Treated X Infant (0-1 years) -0.0101 -0.0098* -0.0147*** -0.0050 -0.0102 -0.0068
(0.0070) (0.0055) (0.0055) (0.0065) (0.0066) (0.0066)

Treated X Early childhood (2-5 years) -0.0091 -0.0043 -0.0046 -0.0065 -0.0076 -0.0006
(0.0058) (0.0044) (0.0046) (0.0052) (0.0060) (0.0045)

Treated X Mid childhood (6-11 years) -0.0043 -0.0046 -0.0062 -0.0026 -0.0052 -0.0029
(0.0051) (0.0041) (0.0041) (0.0047) (0.0058) (0.0036)

Treated X Late childhood (12-16 years) -0.0079 -0.0005 -0.0037 -0.0022 -0.0049 -0.0014
(0.0052) (0.0042) (0.0042) (0.0049) (0.0063) (0.0036)

N 89,510 172,344 127,336 134,518 129,009 132,845

Panel B. Achievement (mathematics)
Treated 0.0122 -0.0002 -0.0032 0.0095 0.0193 -0.0124

(0.0151) (0.0119) (0.0127) (0.0132) (0.0162) (0.0114)
Treated X Infant (0-1 years) -0.0384 -0.0431** -0.0386* -0.0401* -0.0663*** -0.0054

(0.0259) (0.0194) (0.0213) (0.0222) (0.0220) (0.0252)
Treated X Early childhood (2-5 years) -0.0187 -0.0214 0.0033 -0.0459*** -0.0314 -0.0192

(0.0214) (0.0156) (0.0173) (0.0178) (0.0195) (0.0175)
Treated X Mid childhood (6-11 years) -0.0265 0.0033 -0.0004 -0.0137 -0.0268 0.0077

(0.0188) (0.0144) (0.0157) (0.0162) (0.0190) (0.0144)
Treated X Late childhood (12-16 years) -0.0357* -0.0019 0.0053 -0.0337** -0.0249 -0.0038

(0.0191) (0.0149) (0.0163) (0.0169) (0.0202) (0.0143)

N 82,528 157,070 118,633 120,965 114,986 124,612

Age at closure dummies X X X X X X
Parental and child characteristics X X X X X X
Industry and countty dummies X X X X X X

Note. The table shows estimates of the heterogeneous impacts of parental job loss on children’s test-taking (Panel A) and achievement
in mathematics (Panel B). Specifications and outcomes are analogous to column (3) of Table 2, with sample splits defined in column
headers. Estimation is restricted to: children exposed to maternal or paternal job loss (Columns 1-2); daughters or sons (Columns 3-4);
children with family income below or above the median (Columns 5-6). Family income sums post-tax income across parents and is
measured two years prior to the real or placebo job loss. See Section 5 for details. *** p<0.01, ** p<0.05, * p<0.1
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Appendix (For On-line Publication Only)
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A Definition of Plant Closures

Our analysis uses plant closure as a treatment variable to identify parental job loss. We detail our

approach to defining plant closures, borrowed from Browning and Heinesen (2012).

First, we consider a couple of consecutive years (t and t +1), and flag plants whose firm does

not change in this time interval (“same owner” plants). We similarly define plants whose 2-digit

industry code does not change (“same industry” plants) and plants whose municipality does not

change (“same municipality” plants) between t and t + 1. Second, we link plants to job spells

observed in t and t + 1 and define the share of employees retained in the same plant and those

employed at a newly established plant. We repeat this procedure for each consecutive year between

1980 and 2016, the period of plant data we observe.

We consider plant-level data in year t. A plant is not considered closed between t and t +1 if

one of the following events is recorded:

• The plant has the same owner and the same industry in t +1.

• The plant has the same owner and the same employees. The latter condition is defined here

as retaining at least 30% of employees either with respect to the base year or the subsequent

year.

• The plant has the same industry and the same employees, or the same municipality and the

same employees. The latter condition is defined as retaining at least 30% of employees, both

with respect to the base year or to the subsequent year.

• At least 40% of workers are re-employed at a newly established plant.

If an active plant in year t records no employees in year t +1, it is considered closed.

When a closure is recorded, we define the year of closure based on the employment downsizing

observed. First, we employ sample restrictions to capture meaningful events. We only consider
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closures involving a downsizing of at least 30% of employees and at least three workers. Moreover,

we consider plants with at least five employees five years before closing down. The latter restriction

excludes 68% of closures. Second, when multiple years meet the closure definition for the same

plant, we consider the year of maximum employment downsizing. Third, once a unique year

of closure is identified for all closing plants, we define the event year as the one in which the

greatest downsizing is recorded among the three periods preceding a closure. This step addresses

the possibility that employment downsizing starts earlier than the actual closure. The event year is

the exact year of closure in 92% of plants.
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B Robustness Checks

We provide evidence that our results as presented in Section 5 are not driven by selection into

parenthood around plant closure. We turn here to the concern that our stronger negative results

among children exposed in infancy are driven by adverse selection into parenthood around plant

closure. Our treatment group of infants includes, indeed, children born in the closure year (a(i) =

0), who were potentially not yet conceived at job loss. However, this scenario would only manifest

if children were born late in the year and closure happened in the first months of the year.

We start by showing that our results are robust to excluding children born in the parental plant-

closure year. Table B.1 reports estimates of βs in Equation (1) for subgroups indicated in the

column headers. Column 1 shows that, when excluding children with a(i) = 0, estimated impacts

on both test-taking (Panel A) and mathematics achievement (Panel B) are very similar to our main

results in Column (3) of Table 2. Strikingly, when adding children not yet born at the time of the

shock (a(i) =−1, Column 2 of Table B.1), we find that these children exhibit substantially milder

achievement reductions (Panel B). This result suggests that the composition of children not yet

born at the time of parental job loss may change due to reconsideration of a household’s fertility

plan. In contrast, we find substantial achievement reductions exactly from where expected (for

children with a(i)≥ 0), implying that there is little evidence of job loss anticipation effects.

We further confirm that our results are unlikely to be driven by selective fertility by showing

that hard-to-anticipate plant closures lead to achievement reductions at least as large as those in

our main results. Column (3) focuses on children exposed to “pure” plant closures, i.e., job-loss

events in which no employees remain in a plant. Column (4) excludes control children whose

treated parent has left the plant up to five years before closure. Columns (5)-(6) split the sample

based on plant closure incidence in the same municipality and industry (“local market”). In all

these analyses, we find achievement reductions of 0.04−0.05σ if parental job loss occurs during

infancy, closely mimicking our main results.
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Finally, we further exploit observations of plant dynamics to demonstrate the robustness of our

findings. Table B.2 reports estimates of βs in Equation (1) for subgroups indicated in the column

headers. Achievement reductions following parental job loss are similar to our main results for

plants which downsize only once (the vast majority of plants, Column 1). Moreover, plant closures

are arguably harder to anticipate when they involve a sudden, sizable headcount reduction rather

than a gradual pattern of employee dismissals over the years. In Columns (3)-(6), we show that

sudden closures, i.e., those involving large downsizes in the last year of operation (Column 4) or

small downsizes in the second to last year of operation (Column 5), are those leading to larger

achievement reductions for the infant children of displaced workers.

Overall, considering more versus less predictable closures, varying age group definitions around

infancy, and considering patterns of closures in the local labour market, we find little evidence that

larger achievement reductions following parental job loss during infancy can be explained by se-

lection into parenthood, or by anticipation of closures more generally.
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Table B.1: Robustness Checks: Children and Plants

Age at closure Add children “Pure” Parent has not left % of closures
>0 in-utero closures a closing plant in local market

High Low
(1) (2) (3) (4) (5) (6)

Panel A. Test taking
Treated 0.0034 0.0034 0.0001 0.0034 0.0025 0.0036

(0.0026) (0.0026) (0.0030) (0.0026) (0.0050) (0.0031)
Treated X In-utero (age “-1”) -0.0134**

(0.0057)
Treated X Infant (0-1 years) -0.0089 -0.0097** -0.0076 -0.0089** -0.0122 -0.0064

(0.0054) (0.0043) (0.0051) (0.0044) (0.0077) (0.0055)
Treated X Early childhood (2-5 years) -0.0057 -0.0057 -0.0040 -0.0055 -0.0066 -0.0043

(0.0035) (0.0035) (0.0041) (0.0036) (0.0064) (0.0044)
Treated X Mid childhood (6-11 years) -0.0044 -0.0045 -0.0009 -0.0050 -0.0054 -0.0038

(0.0032) (0.0032) (0.0037) (0.0032) (0.0059) (0.0039)
Treated X Late childhood (12-16 years) -0.0031 -0.0031 0.0024 -0.0037 -0.0024 -0.0033

(0.0033) (0.0033) (0.0038) (0.0033) (0.0060) (0.0039)

N 251,105 271,625 187,678 254,231 81,093 173,125

Panel B. Teacher assessment in maths
Treated 0.0030 0.0033 0.0128 0.0027 0.0197 -0.0015

(0.0093) (0.0093) (0.0108) (0.0094) (0.0186) (0.0111)
Treated X In-utero (age “-1”) -0.0124

(0.0212)
Treated X Infant (0-1 years) -0.0375* -0.0411*** -0.0469** -0.0437*** -0.0339 -0.0557***

(0.0193) (0.0155) (0.0183) (0.0158) (0.0279) (0.0195)
Treated X Early childhood (2-5 years) -0.0215* -0.0219* -0.0302** -0.0216* -0.0498** -0.0101

(0.0126) (0.0126) (0.0147) (0.0128) (0.0232) (0.0156)
Treated X Mid childhood (6-11 years) -0.0073 -0.0073 -0.0141 -0.0087 -0.0147 -0.0081

(0.0114) (0.0114) (0.0134) (0.0116) (0.0219) (0.0137)
Treated X Late childhood (12-16 years) -0.0141 -0.0143 -0.0286** -0.0154 -0.0177 -0.0154

(0.0118) (0.0118) (0.0137) (0.0119) (0.0224) (0.0141)

N 229,731 248,621 171,924 232,642 74,488 158,140

Year of birth FEs X X X X X X
Year of shock FEs X X X X X X
Parental characteristics X X X X X X
Children characteristics X X X X X X

Note. The table shows estimates of the impacts of parental plant closure on a child’s achievement at the end of compulsory school
(grade nine). Outcomes and specifications are analogous to column (3) of Table 2. Column (1) restricts the sample to children turning
at least one in the year of real or placebo parental job loss, while Column (2) extends the main working sample to children born the year
after real or placebo parental job loss. Column (3) considers only job-loss events in which no employees remain at the plant (“pure”
closures). Column (4) only considers control children whose parents have not left a closing plant in the five years before closure.
Columns (5) and (6) consider job loss events in which the share of closures in the same municipality and industry (“local markets”) in
the preceding five years is, respectively, below and above the median. See Appendix B for details. *** p<0.01, ** p<0.05, * p<0.1
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Table B.2: Robustness Checks: Plant Dynamics

Same plant’s closures Downsize in t* Downsize in t*-1

Single Multiple Small Large Small Large
(1) (2) (3) (4) (5) (6)

Panel A. Test taking
Treated 0.0043 -0.0062 0.0098** -0.0014 0.0044 -0.0000

(0.0027) (0.0083) (0.0041) (0.0033) (0.0031) (0.0047)
Treated X Infant (0-1 years) -0.0099** -0.0079 -0.0104 -0.0100* -0.0094* -0.0106

(0.0045) (0.0146) (0.0067) (0.0057) (0.0051) (0.0082)
Treated X Early childhood (2-5 years) -0.0069* 0.0098 -0.0110** -0.0020 -0.0048 -0.0080

(0.0037) (0.0122) (0.0055) (0.0046) (0.0042) (0.0066)
Treated X Mid childhood (6-11 years) -0.0056* 0.0077 -0.0126** 0.0013 -0.0063* -0.0004

(0.0033) (0.0107) (0.0050) (0.0041) (0.0038) (0.0059)
Treated X Late childhood (12-16 years) -0.0041 0.0090 -0.0116** 0.0032 -0.0049 0.0004

(0.0034) (0.0107) (0.0051) (0.0042) (0.0039) (0.0059)

N 239,062 22,767 109,371 152,476 184,226 77,620

Panel B. Teacher assessment in maths
Treated 0.0014 0.0237 -0.0305** 0.0282** 0.0195* -0.0365**

(0.0099) (0.0299) (0.0149) (0.0121) (0.0113) (0.0169)
Treated X Infant (0-1 years) -0.0382** -0.0851 0.0008 -0.0753*** -0.0546*** -0.0185

(0.0163) (0.0526) (0.0242) (0.0203) (0.0184) (0.0294)
Treated X Early childhood (2-5 years) -0.0205 -0.0473 0.0124 -0.0510*** -0.0354** 0.0014

(0.0132) (0.0431) (0.0197) (0.0164) (0.0150) (0.0232)
Treated X Mid childhood (6-11 years) -0.0082 0.0004 0.0206 -0.0306** -0.0178 0.0089

(0.0120) (0.0378) (0.0179) (0.0149) (0.0137) (0.0208)
Treated X Late childhood (12-16 years) -0.0167 0.0075 0.0188 -0.0386** -0.0288** 0.0166

(0.0124) (0.0384) (0.0184) (0.0153) (0.0142) (0.0209)

N 218,818 20,755 99,935 139,650 168,658 70,930

Year of birth FEs X X X X X X
Year of shock FEs X X X X X X
Parental characteristics X X X X X X
Children characteristics X X X X X X

Note. The table shows estimates of the impacts of parental plant closure on a child’s achievement at the end of compulsory school
(grade nine). Outcomes and specifications are analogous to column (3) of Table 2. Columns (1)-(2) consider treated children whose
parents’ closed plant suffered a single closure or multiple closures, respectively, and their matched control peers. Columns (3)-(4)
consider plants with relatively small or large downsizing (10% employees leave, at least 3), respectively. Columns (5)-(6) consider
plants with small or large downsizing in the year preceding job loss, respectively. See Appendix B for details. *** p<0.01, ** p<0.05,
* p<0.1
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C Predicted Impacts on Parental and Family Outcomes

We investigate potential mechanisms behind our treatment effects in Section 6 by presenting het-

erogeneity analyses based on predicted impacts of parental job loss. Here, we detail how these

predicted impacts are estimated.

First, using our treatment-control pairs, we construct child-level difference-in-difference com-

parisons of parental and family outcomes. We compute the difference between the parental out-

come change after plant closure for each treated child and for their matched control peer. Specif-

ically, we consider the ten-year average following job loss and subtract the value of the parental

outcome observed in t∗−2, 3 years before plant closure. The difference in this change with respect

to the matched control peer represents an individual-level estimate of the impact of plant closure.

We construct such comparisons for family income, parental unemployment spells, parental cohab-

itation, and sickness benefits received.

Second, we predict child-level impacts of parental job loss based on pre-treatment child, parent,

and family characteristics. We regress the individual-level estimated impacts described above on

the number of siblings, birth order, parental age at displacement and at child’s birth, years of

schooling, tenure and plant size in t∗, earnings at displacement and in the two preceding years,

industry and municipality of work dummies in t∗, and family income in t∗ − 2. The rationale

for this procedure is that using estimated changes directly would raise endogeneity concerns, as

we would split the sample based on variables affected by the treatment. The distribution of the

predicted impacts by childhood stage at parental job loss, as discussed in Section 6, is shown in

Figure C.1. The results presented in Section 6 derive from separate estimation of Equation (1) by

tercile of predicted changes in family income, parental unemployment spells, parental cohabitation,

and sickness benefits received.

Substantial differences in the evolution of family income are observed across terciles of pre-

dicted changes. Table C.1 details the mean and median of predicted changes by tercile. The average
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predicted impact on family income is a loss of about 24,000 DKK (Panel A), remarkably similar to

parental event study estimates (see Figure 3). Wide dispersion is observed in this measure across

terciles, with the median high-loss child (first tercile) experiencing a 100,000 DKK reduction in

family income each year, decreasing to 29,000 DKK in the second tercile, and increasing to 51,000

DKK in the third tercile.

In contrast, the other parental outcomes considered exhibit substantially less variability. The

predicted increase in parental unemployment spells is, on average, 1.7% of working time each year

(Panel B, unemployment spell duration is normalised in a 0-1000 scale). Median predicted changes

vary across groups, with a 2.8% increase in unemployment duration in the top tercile and a 0.9%

decrease in the bottom tercile. Predicted impacts on parental cohabitation are close to zero on

average, and median changes vary from a four percentage point decrease in the bottom tercile to a

four percentage point increase in the top tercile (Panel C). Finally, predicted impacts on parental

sickness benefits (including maternal leave) are close to zero on average, and median changes vary

from a 1,000 DKK reduction in the bottom tercile to a 2,000 DKK increase in the top tercile (Panel

D).
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Figure C.1: Distribution of Predicted Parental Job Loss Impacts

Panel A. Family income Panel B. Parental unemployment duration

Panel C. Parents cohabit Panel D. Sickness and maternity leave benefits

Note. The figure shows the distribution of predicted parental job loss impacts on family income (Panel A), parental unemployment
(Panel B), parental cohabitation (Panel C), and sickness benefits received by the displaced parent (Panel D). Impacts are first estimated at
the child level as difference-in-difference comparisons between each treated child and their matched control. Impacts are then regressed
on a detailed set of parental, child, and family characteristics. Fitted values from the regressions are used to compute predicted impacts.
Outlier observations below the first or above the 99th percentile are not considered in these graphs. The dashed vertical lines indicate a
null predicted impact. See the footnote to Figure 3 for the definition of parental outcomes. See Section 6 and Appendix C for details.
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Table C.1: Terciles of Predicted Parental Job Loss Impacts

Tercile of Mean Median
predicted impact

(1) (2) (3)

Panel A. Family income (’000s of 2020 DKK)
First -117.201 -100.985
Second -28.302 -28.584
Third 73.087 51.002
Total -24.139 -28.584

Panel B. Parental yearly unemployment spell (1000 = full year)
First -11.031 -8.649
Second 11.095 11.216
Third 31.919 28.179
Total 10.661 11.216

Panel C. Parental cohabitation
First -0.049 -0.042
Second -0.004 -0.004
Third 0.044 0.037
Total -0.003 -0.004

Panel D. Sickness benefits (’000s of 2020 DKK)
First -1.727 -1.339
Second 0.356 0.359
Third 2.437 2.041
Total 0.356 0.359

Note. The table shows average predicted impacts of parental job loss on family income (Panel A), parental unemployment (Panel B),
parental cohabitation (Panel C), and sickness benefits received by the displaced parent (Panel D) by tercile. See the note to Figure 3
for the definition of parental outcomes. Impacts are predicted as described in the note to Figure C.1. See Section 6 and Appendix C for
details.
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D Additional Tables and Figures

Figure D.1: Achievement by Age at Parental Plant Closure – Control Children

Panel A. Test taking

Panel B. Teacher assessment in maths

Note. The figure shows adjusted trends in achievement outcomes of control children by age at placebo plant closure. Outcomes are
regressed on year and cohort indicators, and the average regression residuals are plotted by age at placebo plant closure, i.e., the year
when the matched child experiences parental job loss. Panel A plots test taking and Panel B plots teacher assessment in mathematics,
defined as in the note to Figure 1. See Section 3 and Section 4 for details.
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Figure D.2: Plant Closure Impacts on Additional Parental Outcomes

Panel A. Family assets (000's DKK) Panel B. Home ownership

Panel C. Move to a different parish Panel D. Birth of a younger sibling

Note. The figure shows event study estimates of the impacts of job loss on parents’ outcomes. Estimation and specifications are
analogous to Figure 3. Outcomes considered are: family assets, defined as the sum of mother’s and father’s assets in 2020 DKK
thousands as determined yearly by the tax-authority, winsorizing values that exceed the 75th percentile by more than three times the
interquartile range (Panel A); an indicator for home ownership (Panel B); an indicator equal to one if the child resides in a different
parish than in the previous year (Panel C); an indicator equal to one if a child’s younger sibling is born in the year (Panel D). See
Section 6 for details.
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Figure D.3: Plant Closure Impacts on Parental Sickness Benefits by Parent’s Gender

Note. The figure shows event study estimates of the impacts of parental job loss on sickness benefits received by the displaced parent,
separately by gender of the treated parent. Estimation is analogous to Panel F of Figure 3. Blue markers and lines refer to maternal job
loss; yellow markers and lines refer to paternal job loss. See Section 6 for details.
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Figure D.4: Treatment Effects by Predicted Family Income Change

Panel A. Children exposed in infancy Panel B. Children exposed in early childhood

Panel C. Children exposed in mid childhood Panel D. Children exposed in late childhood

Note. The figure shows the estimated impacts of parental job loss on children’s mathematics assessment by the amount of predicted
family income change. Estimates and specifications are analogous to Panel A of Figure 4, with the sample split into quintiles rather
than terciles of predicted family income change. The x-axis shows the average predicted change in family income by quintile in 2020
DKK thousands. Estimates from the five regressions are separately plotted by childhood stage at parental job loss: infancy (age 0-1,
Panel A); early childhood (age 2-5, Panel B); mid childhood (age 6-11, Panel C); late childhood (age 12-16, Panel D). See Section 6
for details.
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Figure D.5: Treatment Effects by Breadwinner Status

Panel A. Test taking

Panel B. Mathematics achievement

Note. The figure shows the estimated effects of parental job loss separately for plant closures involving the primary or the secondary
earner. Outcomes and specifications are analogous to Column (3) of Table 2. The primary earner is defined as the parent with the
highest labour earnings two years before the job loss. See Section 6 for details.
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Table D.1: Descriptive Statistics on Treated and Untreated Children

Treated children Control children

Mean SD Mean SD Diff. p
(1) (2) (3) (4) (5) (6)

Male 0.514 0.500 0.513 0.500 0.001 0.477
Parent’s plant size 144.219 320.215 273.973 718.074 -129.754 0.000
Parent’s tenure 7.641 4.856 8.433 5.471 -0.791 0.000
Parent’s earnings (2020 DKK, 000’s’) 429.739 260.781 440.228 295.934 -10.489 0.000
Parent’s post-tax income (2020 DKK, 000’s) 476.676 589.621 489.525 682.075 -12.849 0.000
Family post-tax income (2020 DKK, 000’s) 806.551 444.344 848.415 714.037 -41.864 0.000
Father 0.658 0.475 0.644 0.479 0.014 0.000
Parent’s age at birth 30.706 4.962 30.788 4.877 -0.081 0.000
Parent’s age 39.631 7.298 40.780 7.369 -1.149 0.000
Parent’s years of education 12.777 2.213 12.949 2.229 -0.172 0.000
Parent received UI 0.117 0.321 0.075 0.264 0.042 0.000
Unemployment duration (1000=full year) 16.756 72.824 9.635 55.841 7.121 0.000
Parent in services 0.357 0.479 0.337 0.473 0.021 0.000
Parent in industry 0.282 0.450 0.307 0.461 -0.024 0.000
Parent in commerce 0.253 0.435 0.270 0.444 -0.017 0.000

N (obs.) 133,805 6,951,048
N (children) 133,805 675,422

Note. The table shows descriptive statistics on treated and untreated children. The sample includes children experiencing parental job
loss and those unexposed meeting the requirements described in Section 3. Parental and child characteristics are observed in the base
year (the year before job loss) for treated children, and in any year for untreated children. Columns (1)-(2), therefore, report statistics
from child-level observations while Columns (3)-(4) report statistics from child-year observations. Column (5) computes the difference
between Column (1) and Column (3), and Column (6) reports the p-value of the associated t-statistics. See Section 3 for details.
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Table D.2: Descriptive Statistics for Treated and Untreated Children by Childhood Stage

Treated children Control children

Mean SD Mean SD Diff. p

Panel A. Infancy (age 0-1)
Male 0.509 0.500 0.512 0.500 -0.004 0.336
Parent’s plant size 117.792 226.360 313.687 911.317 -195.895 0.000
Parent’s tenure 6.092 3.024 6.376 3.252 -0.284 0.000
Parent’s earnings (2020 DKK, 000’s’) 373.356 188.174 367.999 176.774 5.357 0.000
Parent’s post-tax income (2020 DKK, 000’s) 406.286 340.353 399.261 286.451 7.024 0.001
Family post-tax income (2020 DKK, 000’s) 679.630 311.119 677.709 314.026 1.922 0.415
Father 0.669 0.471 0.660 0.474 0.009 0.008
Parent’s age at birth 31.902 4.729 31.975 4.683 -0.072 0.040
Parent’s age 31.860 4.739 31.928 4.703 -0.067 0.056
Parent’s years of education 12.861 2.168 12.943 2.176 -0.082 0.000
Parent received UI 0.134 0.341 0.111 0.314 0.023 0.000
Unemployment duration (1000=full year) 14.977 63.714 10.763 53.095 4.304 0.000
Parent in services 0.309 0.462 0.295 0.456 0.014 0.000
Parent in industry 0.341 0.474 0.369 0.482 -0.027 0.000
Parent in commerce 0.218 0.413 0.220 0.414 -0.002 0.467

N (obs.) 18,174 751,423
N (children) 18,174 317,849

Panel B. Early childhood (age 2-5)
Male 0.514 0.500 0.513 0.500 0.002 0.634
Parent’s plant size 116.313 213.335 306.272 865.278 -189.959 0.000
Parent’s tenure 6.706 3.520 7.091 3.839 -0.385 0.000
Parent’s earnings (2020 DKK, 000’s’) 403.655 207.403 400.001 200.519 3.654 0.012
Parent’s post-tax income (2020 DKK, 000’s) 436.893 270.230 433.930 352.152 2.963 0.241
Family post-tax income (2020 DKK, 000’s) 724.787 338.178 727.427 385.570 -2.640 0.341
Father 0.698 0.459 0.682 0.466 0.016 0.000
Parent’s age at birth 31.260 4.982 31.330 4.923 -0.069 0.051
Parent’s age 34.196 5.022 34.280 4.968 -0.084 0.019
Parent’s years of education 12.851 2.194 12.960 2.193 -0.108 0.000
Parent received UI 0.138 0.345 0.127 0.333 0.012 0.000
Unemployment duration (1000=full year) 14.061 62.000 10.436 51.866 3.625 0.000
Parent in services 0.325 0.468 0.294 0.456 0.031 0.000
Parent in industry 0.327 0.469 0.379 0.485 -0.052 0.000
Parent in commerce 0.209 0.407 0.208 0.406 0.001 0.739

N (obs.) 19,684 840,808
N (children) 19,684 343,671

Panel C. Mid childhood (age 6-11)
Male 0.516 0.500 0.513 0.500 0.003 0.238
Parent’s plant size 149.181 312.883 285.591 754.449 -136.410 0.000
Parent’s tenure 7.365 4.413 7.909 4.761 -0.544 0.000
Parent’s earnings (2020 DKK, 000’s’) 432.753 244.962 434.410 261.043 -1.657 0.205
Parent’s post-tax income (2020 DKK, 000’s) 476.637 357.786 479.389 532.226 -2.752 0.300
Family post-tax income (2020 DKK, 000’s) 806.202 381.780 825.858 560.034 -19.656 0.000
Father 0.664 0.472 0.654 0.476 0.010 0.000
Parent’s age at birth 30.853 5.052 30.972 4.989 -0.119 0.000
Parent’s age 38.251 5.286 38.474 5.239 -0.223 0.000
Parent’s years of education 12.852 2.211 12.991 2.234 -0.140 0.000
Parent received UI 0.110 0.313 0.080 0.271 0.030 0.000
Unemployment duration (1000=full year) 14.817 68.962 9.147 53.068 5.670 0.000
Parent in services 0.346 0.476 0.324 0.468 0.022 0.000
Parent in industry 0.301 0.459 0.336 0.472 -0.035 0.000
Parent in commerce 0.236 0.425 0.239 0.427 -0.003 0.149

N (obs.) 40,605 1,959,658
N (children) 40,605 473,209
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Descriptive Statistics for Treated and Untreated Children by Childhood Stage (cont.)

Panel D. Late Childhood (age 12-16)
Male 0.511 0.500 0.513 0.500 -0.003 0.356
Parent’s plant size 156.079 360.298 257.541 626.138 -101.462 0.000
Parent’s tenure 8.317 5.362 9.034 5.797 -0.717 0.000
Parent’s earnings (2020 DKK, 000’s’) 454.350 295.023 465.860 330.808 -11.510 0.000
Parent’s post-tax income (2020 DKK, 000’s) 512.714 783.378 522.709 755.285 -9.994 0.021
Family post-tax income (2020 DKK, 000’s) 865.309 468.255 913.954 784.504 -48.646 0.000
Father 0.641 0.480 0.632 0.482 0.009 0.001
Parent’s age at birth 30.330 4.973 30.630 4.889 -0.300 0.000
Parent’s age 43.182 5.127 43.549 5.057 -0.367 0.000
Parent’s years of education 12.722 2.236 12.981 2.248 -0.259 0.000
Parent received UI 0.109 0.312 0.055 0.228 0.054 0.000
Unemployment duration (1000=full year) 19.055 79.958 9.299 57.615 9.756 0.000
Parent in services 0.375 0.484 0.352 0.478 0.023 0.000
Parent in industry 0.254 0.436 0.277 0.448 -0.023 0.000
Parent in commerce 0.277 0.448 0.297 0.457 -0.020 0.000

N (obs.) 31,229 1,795,085
N (children) 31,229 472,861

Panel E. Adulthood (age 17-22)
Male 0.519 0.500 0.513 0.500 0.005 0.095
Parent’s plant size 163.203 398.136 242.636 562.216 -79.432 0.000
Parent’s tenure 9.162 6.185 10.066 6.737 -0.905 0.000
Parent’s earnings (2020 DKK, 000’s’) 456.579 311.992 473.573 364.547 -16.993 0.000
Parent’s post-tax income (2020 DKK, 000’s) 515.596 873.911 536.197 958.720 -20.601 0.001
Family post-tax income (2020 DKK, 000’s) 893.449 608.524 946.015 988.467 -52.566 0.000
Father 0.626 0.484 0.617 0.486 0.009 0.003
Parent’s age at birth 29.593 4.660 29.899 4.613 -0.306 0.000
Parent’s age 47.648 4.850 48.051 4.801 -0.403 0.000
Parent’s years of education 12.600 2.224 12.859 2.244 -0.258 0.000
Parent received UI 0.107 0.310 0.048 0.214 0.059 0.000
Unemployment duration (1000=full year) 20.585 83.112 9.703 60.211 10.882 0.000
Parent in services 0.415 0.493 0.376 0.484 0.039 0.000
Parent in industry 0.206 0.405 0.237 0.425 -0.031 0.000
Parent in commerce 0.310 0.463 0.332 0.471 -0.022 0.000

N (obs.) 24,113 1,604,074
N (children) 24,113 414,423

Note. The table shows descriptive statistics for treated and untreated children by childhood stage at parental job loss. The table structure
is analogous to Table D.1. Statistics are presented separately by childhood stage at parental job loss: infancy (age 0-1, Panel A); early
childhood (age 2-5, Panel B); mid childhood (age 6-11, Panel C); late childhood (age 12-16, Panel D); young adulthood (age 17-22,
Panel E). See Section 3 for details.
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Table D.3: Descriptive Statistics by Childhood Stage

Treated children Control children

Mean SD Mean SD Diff. p

Panel A. Infancy (age 0-1)
Male 0.508 0.500 0.508 0.500 0.000 1.000
Parent’s plant size 118.139 226.254 107.305 234.461 10.834 0.000
Parent’s tenure 6.101 3.030 6.080 3.061 0.021 0.513
Parent’s earnings (2020 DKK, 000’s’) 373.614 184.240 369.688 171.725 3.926 0.038
Parent’s post-tax income (2020 DKK, 000’s) 403.939 250.491 401.267 330.853 2.672 0.390
Family post-tax income (2020 DKK, 000’s) 677.473 239.714 673.990 250.929 3.483 0.180
Father 0.670 0.470 0.670 0.470 0.000 1.000
Parent’s age at birth 31.892 4.718 31.883 4.752 0.009 0.860
Parent’s age 31.851 4.729 31.848 4.761 0.003 0.947
Parent’s years of education 12.863 2.162 12.918 2.190 -0.054 0.018
Parent received UI 0.130 0.336 0.108 0.310 0.022 0.000
Unemployment duration (1000=full year) 14.221 61.740 10.619 52.817 3.603 0.000
Parent in services 0.309 0.462 0.282 0.450 0.026 0.000
Parent in industry 0.341 0.474 0.357 0.479 -0.015 0.002
Parent in commerce 0.218 0.413 0.239 0.427 -0.021 0.000

N 17,807 17,807

Panel B. Early childhood (age 2-5)
Male 0.514 0.500 0.514 0.500 0.000 1.000
Parent’s plant size 116.901 213.768 108.024 213.717 8.878 0.000
Parent’s tenure 6.723 3.523 6.700 3.611 0.023 0.521
Parent’s earnings (2020 DKK, 000’s’) 404.805 197.085 401.474 205.586 3.331 0.105
Parent’s post-tax income (2020 DKK, 000’s) 437.450 265.751 432.357 250.537 5.093 0.054
Family post-tax income (2020 DKK, 000’s) 723.655 269.069 722.335 314.625 1.320 0.659
Father 0.704 0.456 0.704 0.456 0.000 1.000
Parent’s age at birth 31.267 4.980 31.241 5.008 0.026 0.609
Parent’s age 34.206 5.021 34.177 5.048 0.029 0.567
Parent’s years of education 12.857 2.194 12.924 2.181 -0.067 0.003
Parent received UI 0.131 0.338 0.120 0.325 0.011 0.001
Unemployment duration (1000=full year) 13.002 58.946 10.425 51.623 2.577 0.000
Parent in services 0.325 0.468 0.287 0.452 0.038 0.000
Parent in industry 0.328 0.469 0.360 0.480 -0.032 0.000
Parent in commerce 0.209 0.407 0.233 0.423 -0.024 0.000

N 19,170 19,170

Panel C. Mid childhood (age 6-11)
Male 0.516 0.500 0.516 0.500 0.000 1.000
Parent’s plant size 149.342 312.519 149.571 400.462 -0.229 0.928
Parent’s tenure 7.371 4.415 7.368 4.500 0.004 0.911
Parent’s earnings (2020 DKK, 000’s’) 432.284 233.268 433.008 263.195 -0.724 0.681
Parent’s post-tax income (2020 DKK, 000’s) 474.917 344.174 477.945 562.938 -3.027 0.360
Family post-tax income (2020 DKK, 000’s) 804.903 350.112 802.293 374.106 2.609 0.310
Father 0.665 0.472 0.665 0.472 0.000 1.000
Parent’s age at birth 30.863 5.042 30.850 5.108 0.013 0.725
Parent’s age 38.258 5.276 38.247 5.326 0.011 0.766
Parent’s years of education 12.853 2.208 12.951 2.230 -0.098 0.000
Parent received UI 0.107 0.309 0.082 0.274 0.025 0.000
Unemployment duration (1000=full year) 14.258 67.597 9.515 54.058 4.743 0.000
Parent in services 0.347 0.476 0.308 0.462 0.038 0.000
Parent in industry 0.302 0.459 0.331 0.471 -0.029 0.000
Parent in commerce 0.236 0.424 0.252 0.434 -0.016 0.000

N 39,825 39,825
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Descriptive Statistics by Childhood Stage (cont.)

Panel D. Late Childhood (age 12-16)
Male 0.510 0.500 0.510 0.500 0.000 1.000
Parent’s plant size 156.779 361.033 161.256 432.132 -4.478 0.165
Parent’s tenure 8.317 5.358 8.322 5.440 -0.005 0.915
Parent’s earnings (2020 DKK, 000’s’) 453.890 289.970 454.296 308.307 -0.405 0.867
Parent’s post-tax income (2020 DKK, 000’s) 509.469 625.776 509.924 665.756 -0.454 0.931
Family post-tax income (2020 DKK, 000’s) 864.098 423.809 860.794 422.495 3.304 0.335
Father 0.640 0.480 0.640 0.480 0.000 1.000
Parent’s age at birth 30.325 4.960 30.348 5.015 -0.023 0.564
Parent’s age 43.176 5.111 43.200 5.159 -0.024 0.560
Parent’s years of education 12.727 2.231 12.864 2.248 -0.137 0.000
Parent received UI 0.107 0.309 0.061 0.240 0.046 0.000
Unemployment duration (1000=full year) 18.619 78.989 9.903 59.404 8.716 0.000
Parent in services 0.375 0.484 0.342 0.474 0.033 0.000
Parent in industry 0.254 0.436 0.275 0.446 -0.020 0.000
Parent in commerce 0.277 0.447 0.300 0.458 -0.023 0.000

N 30,554 30,554

Panel E. Adulthood (age 17-22)
Male 0.519 0.500 0.519 0.500 0.000 1.000
Parent’s plant size 163.969 399.219 172.250 466.748 -8.280 0.038
Parent’s tenure 9.169 6.181 9.173 6.340 -0.004 0.940
Parent’s earnings (2020 DKK, 000’s’) 455.150 296.881 456.487 331.246 -1.336 0.645
Parent’s post-tax income (2020 DKK, 000’s) 513.581 870.994 508.748 462.817 4.833 0.452
Family post-tax income (2020 DKK, 000’s) 888.101 477.055 882.277 503.413 5.824 0.197
Father 0.624 0.484 0.624 0.484 0.000 1.000
Parent’s age at birth 29.588 4.651 29.581 4.742 0.007 0.875
Parent’s age 47.641 4.841 47.634 4.923 0.007 0.874
Parent’s years of education 12.599 2.223 12.745 2.270 -0.146 0.000
Parent received UI 0.106 0.308 0.060 0.237 0.046 0.000
Unemployment duration (1000=full year) 20.223 82.377 11.810 66.879 8.413 0.000
Parent in services 0.416 0.493 0.373 0.484 0.043 0.000
Parent in industry 0.206 0.405 0.231 0.421 -0.024 0.000
Parent in commerce 0.310 0.462 0.335 0.472 -0.025 0.000

N 23,571 23,571

Note. The table shows descriptive statistics on treated and untreated children by childhood stage at parental job loss. The table structure
is analogous to Table 1. Statistics are presented separately by childhood stage at parental job loss: infancy (age 0-1, Panel A); early
childhood (age 2-5, Panel B); mid childhood (age 6-11, Panel C); late childhood (age 12-16, Panel D); young adulthood (age 17-22,
Panel E). See Section 4 for details.
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Table D.4: Treatment-Control Comparisons

Diff-in-Diff Treatment - Control

Infancy Early Mid Late
(0-1 years) (2-5 years (6-11 years) (12-16 years)

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

Panel A. Test taking
Treated 0.0033 0.0034 -0.0056 -0.0066* -0.0022 -0.0020 -0.0013 -0.0017 -0.0003 0.0015

(0.0026) (0.0026) (0.0035) (0.0036) (0.0024) (0.0025) (0.0019) (0.0020) (0.0022) (0.0023)
Treated X Infant (0-1 years) -0.0089** -0.0097**

(0.0043) (0.0043)
Treated X Early childhood (2-5 years) -0.0055 -0.0057

(0.0035) (0.0035)
Treated X Mid childhood (6-11 years) -0.0046 -0.0045

(0.0032) (0.0032)
Treated X Late childhood (12-16 years) -0.0036 -0.0031

(0.0033) (0.0033)

N 261,854 261,854 23,408 23,408 50,546 50,546 79,650 79,650 61,108 61,108

Panel B. Teacher assessment in maths
Treated -0.0136 0.0031 -0.0402*** -0.0361*** -0.0197** -0.0133 -0.0132* -0.0049 -0.0286*** -0.0135

(0.0098) (0.0093) (0.0131) (0.0130) (0.0091) (0.0089) (0.0075) (0.0073) (0.0085) (0.0085)
Treated X Infant (0-1 years) -0.0264 -0.0407***

(0.0163) (0.0155)
Treated X Early childhood (2-5 years) -0.0061 -0.0216*

(0.0133) (0.0126)
Treated X Mid childhood (6-11 years) 0.0004 -0.0072

(0.0122) (0.0114)
Treated X Late childhood (12-16 years) -0.0150 -0.0143

(0.0126) (0.0118)

N 239,598 239,598 21,437 21,437 46,215 46,209 72,922 72,922 56,042 56,042

Age at closure dummies X X X X X X X X X X
Parental and child characteristics X X X X X
Industry and countty dummies X X X X X

Note. The table compares our main results to simpler treatment-control comparisons. Columns (1)-(2) report estimates in Columns
(1) and (3) of Table 2 for comparison. Columns (3)-(10) report estimates obtained without considering children beyond the school
completion age at parental job loss; they directly compare treated and control children’s outcomes. These estimates are performed
separately by childhood stage at parental job loss: infancy (age 0-1, Columns 3-4); early childhood (age 2-5, Columns 5-6); mid
childhood (age 6-11, Columns 7-8); late childhood (age 12-16, Columns 9-10). See Section 4 and Section 5 for details. *** p<0.01,
** p<0.05, * p<0.1
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Table D.5: Descriptive Statistics – Educational Outcomes

Treated Control

N Mean SD N Mean SD
(1) (2) (3) (4) (5) (6)

Take grade 10 130255 0.505 0.500 130245 0.510 0.500
School move 130255 0.332 0.471 130245 0.336 0.472
>1 spell in a year 130255 0.094 0.291 130245 0.094 0.292
Retained 130255 0.036 0.186 130245 0.036 0.186
Uncompleted year 130255 0.044 0.204 130245 0.043 0.203
Roadblock 130255 0.141 0.348 130245 0.141 0.348
Dropout 125174 0.014 0.117 125174 0.014 0.119
Compulsory school 130927 0.575 0.494 130927 0.576 0.494
Academic high school 130927 0.209 0.406 130927 0.210 0.408
Technical high school 130927 0.086 0.281 130927 0.084 0.278
Vocational programme 130927 0.080 0.272 130927 0.079 0.270

Note. The table shows descriptive statistics for the educational outcomes used in Table 3. Columns (1)-(3) report the number of
observations, mean, and standard deviation for the treatment group, while Columns (4)-(6) report the corresponding statistics for the
control group. See Section 5 for details.
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Table D.6: Breadwinners’ Job Losses and School Enrolment

Roadblock Dropout Compulsory Vocational Academic or technical
school high school high school

(1) (2) (3) (4) (5)

Panel A. Job of loss of primary earner
Treated -0.0078** -0.0027* -0.0081 0.0048 0.0066

(0.0038) (0.0016) (0.0059) (0.0035) (0.0051)
Treated X Infant (0-1 years) 0.0193*** 0.0043* 0.0300*** -0.0094* -0.0226***

(0.0066) (0.0026) (0.0097) (0.0053) (0.0087)
Treated X Early childhood (2-5 years) 0.0044 0.0027 0.0131* -0.0068 -0.0082

(0.0053) (0.0021) (0.0079) (0.0045) (0.0070)
Treated X Mid childhood (6-11 years) 0.0075 0.0032* 0.0095 -0.0045 -0.0079

(0.0049) (0.0019) (0.0072) (0.0041) (0.0064)
Treated X Late childhood (12-16 years) 0.0075 0.0045** 0.0063 -0.0071* -0.0033

(0.0050) (0.0020) (0.0075) (0.0043) (0.0066)

N 174,267 167,809 175,281 175,281 175,281

Panel B. Job of loss of secondary earner
Treated 0.0017 -0.0037** -0.0022 0.0031 -0.0003

(0.0048) (0.0017) (0.0079) (0.0045) (0.0071)
Treated X Infant (0-1 years) -0.0041 0.0065** 0.0074 -0.0100 0.0042

(0.0090) (0.0031) (0.0139) (0.0073) (0.0127)
Treated X Early childhood (2-5 years) 0.0021 0.0023 -0.0139 0.0012 0.0133

(0.0073) (0.0025) (0.0113) (0.0061) (0.0103)
Treated X Mid childhood (6-11 years) -0.0018 0.0012 0.0050 -0.0031 -0.0008

(0.0064) (0.0021) (0.0099) (0.0054) (0.0090)
Treated X Late childhood (12-16 years) 0.0021 0.0013 -0.0002 -0.0056 0.0036

(0.0065) (0.0023) (0.0102) (0.0058) (0.0092)

N 86,233 82,539 86,573 86,573 86,573

Age at closure dummies X X X X X
Parental and child characteristics X X X X X
Industry and countty dummies X X X X X

Note. The table shows the estimated effects of parental job loss separately for plant closures involving the primary or the secondary
earner. Estimated specifications are analogous to Column (3) of Table 2. Outcomes considered are selected from Panel B of Table 3.
The primary earner is defined as the parent with the highest labour earnings two years before job loss. See Section 6 for details. ***
p<0.01, ** p<0.05, * p<0.1
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Table D.7: Treatment Effects by Childcare Availability

Child care in child’s municipality

Low quality High quality Low quantity High quantity
(1) (2) (3) (4)

Panel A. Test taking
Treated 0.0027 0.0032 0.0018 0.0042

(0.0023) (0.0027) (0.0024) (0.0025)
Treated X Infant (0-1 years) -0.0065 -0.0130** -0.0133*** -0.0026

(0.0057) (0.0065) (0.0051) (0.0061)
Treated X Early childhood (2-5 years) -0.0079** -0.0024 -0.0017 -0.0101**

(0.0038) (0.0052) (0.0040) (0.0045)

N 102,265 71,238 98,955 81,692

Panel B. Teacher assessment in maths
Treated 0.0032 0.0040 0.0001 0.0075

(0.0085) (0.0097) (0.0088) (0.0093)
Treated X Infant (0-1 years) -0.0242 -0.0343 -0.0224 -0.0704***

(0.0204) (0.0230) (0.0183) (0.0217)
Treated X Early childhood (2-5 years) -0.0210 -0.0266 -0.0134 -0.0325**

(0.0133) (0.0184) (0.0141) (0.0161)

N 93,494 64,929 90,414 74,601

Age at closure dummies X X X X
Parental and child characteristics X X X X
Industry and countty dummies X X X X

Note.The table shows the estimated effects of parental job loss separately by childcare availability in the local area. Outcomes and
specifications are analogous to Column (3) of Table 2. Sample splits are based on data on the cohort-specific coverage of childcare
places in the child’s municipality in the year before real or placebo job loss. This information is available for 99% of children aged
under six at the time of parental job loss in our estimation sample. The estimation sample is restricted to children aged under six at
the time of parental job loss who belong to the groups indicated in the column headers, plus children beyond school age at the time of
job loss. Childcare quality is defined as the share of places covered by institutional carers. Columns (1) and (2) report estimates for
municipalities with childcare quality below and above the median, respectively. Childcare quantity is defined as the share of children
covered by childcare places. Columns (3) and (4) report estimates for municipalities with childcare quantity below and above the
median, respectively. See Section 6 for details. *** p<0.01, ** p<0.05, * p<0.1
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