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Abstract

What determines long-term mental health and its intergenerational correlation?

Exploiting variation in unemployment rates upon labor market entry across Aus-

tralian states and cohorts, we provide novel evidence that the mental health of

daughters is affected by the labor market entry conditions of their parents. In par-

ticular, a one standard deviation shock to the unemployment rate upon parental

labor market entry worsens daughters’ mental health during adolescence by 13%

of a standard deviation. This effect is accompanied by lower levels of satisfaction

with their health, home, financial situation, and overall life. A mediation analysis

suggests that a sizable proportion (22%) of the impacts on the descendants’ mental

health is explained by the worse mental health of their parents at mid-life. We do

not detect any impact of parental labor market entry conditions among sons.
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1 Introduction

Mental health disorders are widely prevalent and impose large costs (Collins et al., 2011;

Greenberg et al., 2015). These costs, including non-pecuniary ones (e.g., lower produc-

tivity, negative externalities), have been on the rise for decades and were exacerbated

by the Covid-19 pandemic. Moreover, there is growing evidence that the increase in the

incidence of poor mental health has been driven by the young (e.g., Blanchflower et al.,

2024). More developed economies have acknowledged these facts and have granted mental

health a central position in public policy. In 2012, the World Health Assembly coordi-

nated the European Mental Health Action Plan 2013–2020 as a response to the global

issue of mental health. In Joe Biden’s 2022 State of the Union Address, an emphasis was

placed on strategies to tackle the “unprecedented mental health crisis among people of

all ages.”1

Gaining a deeper understanding of the determinants of mental health will help us

develop better-targeted policies. While the short-term drivers of mental health are rel-

atively well-understood, knowledge on its long-term determinants is scarce (Adhvaryu

et al., 2019). Moreover, while the literature has recently started to measure the degree of

intergenerational transmission of mental health, little is still known about its underlying

sources (Mazumder, 2024).

In this paper, we explore parental labor market entry conditions as a driver of the

intergenerational correlation of mental health. This is motivated by two well-established,

but so far disconnected, strands of the literature. First, early childhood is a particularly

sensitive period for investment in human capital development and the circumstances

experienced by children during this time have long-lasting impacts in adulthood (e.g.,

Becker and Tomes, 1986; Cunha et al., 2010). Second, “unlucky cohorts” entering the

labor market during bad times face adverse outcomes that persist up to midlife (e.g., von

Wachter, 2020). Labor market entry conditions of parents affect not only their own men-

tal health but also other outcomes that determine their capability to raise and invest in

their children’s well-being. We conjecture that labor market entry conditions, an exoge-

1See https://www.whitehouse.gov/briefing-room/statements-releases/2022/03/01/fact-sheet-president-biden-to-ann
ounce-strategy-to-address-our-national-mental-health-crisis-as-part-of-unity-agenda-in-his-first-state-of-the-union/.
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nous shock experienced by parents well-before the conception and birth of their children,

can plausibly affect the mental health of both parents and children and, therefore, the

intergenerational correlation of mental health.

To investigate these issues, we first measure the effects of adverse parental labor

market entry conditions on their children’s mental health. We then undertake a sys-

tematic study of how parental outcomes (e.g., health, income, risky behaviors, locus of

control, etc.) are affected by their own labor market entry conditions to explore po-

tential mechanisms behind the effects on their offspring’s mental health. For this, we

employ the Household, Income and Labor Dynamics in Australia (HILDA), a nationally-

representative dataset of Australian households that offers comparable measures of mental

health linked across two generations and contains complementary information on mea-

sures of other relevant life aspects (e.g., income, fertility) over two decades. Our main

outcome of interest is the Mental Health Inventory–5 (MHI–5), a 5-element subscale for

the mental health portion of the Short Form Health Survey 36 (SF–36) that has been

widely validated (e.g., Rumpf et al., 2001; Hoeymans et al., 2004).

Our identification strategy exploits temporal and geographic variation in labor market

entry conditions. We overcome the potential threat of endogenous timing of labor market

entry by focusing on the labor market conditions experienced by each cohort at ages 18–

22. This approach to measuring labor market entry conditions is attractive because it

explicitly uses variation in the year of birth, which is plausibly exogenous since parents

are unlikely to predict such conditions two decades in advance. Importantly, it does

not depend on the exact time of labor market entry, which could be endogenous. This

approach has been recently employed in the literature by, for instance, Arellano-Bover

(2020) and Berniell et al. (2023).

We find that the daughters of parents that entered the labor market during more

unfavorable times have worse mental health at ages 15–20. The impact is economically

meaningful: a 1 standard deviation unemployment rate shock during parents’ labor mar-

ket entry corresponds to an increase of 13% of a standard deviation in the index for poor

mental health. Moreover, daughters also experience lower satisfaction with their home,
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financial situation, health, and overall life at adolescence. We do not detect effects of

parental labor market entry conditions on sons. In fact, the point estimates for sons are

close to zero in magnitude. This heterogeneity along the gender dimension is consistent

with recent evidence that finds that the mental health of girls is more prone to be af-

fected by external circumstances in their environment (Giulietti et al., 2022; Fawaz and

Lee, 2022).

Our results are robust to a number of possible threats to internal validity. We highlight

a few exercises here. First, they are not dependent on how we measure mental health.

In particular, our findings are not driven by a single subcomponent of the MHI-5 and

are quantitatively similar when we use the Kessler-10 (Kessler et al., 2002), another

widely validated tool to measure mental health that is collected by HILDA biennially.

Second, we show that our results do not depend on how we measure parental labor market

entry conditions. Most notably, they are robust to using national unemployment rate

shocks rather than state-specific ones, therefore exploiting only temporal (cross-cohort)

variation, which eliminates concerns that our results are driven by internal migration

where workers search outside their local labor market for better labor market conditions

at the time of entering the labor market. Last, we show that our results are unlikely to

be driven by selection related to family formation. We do not find that labor market

entry conditions affected partnership formation (who gets married), assortative matching

(who they marry), or fertility (who becomes parents).

We further explore mediating factors to the intergenerational effects we document.

To guide our analysis, we consider the extensive list of outcomes in the recent survey

by von Wachter (2020) as plausible mechanisms. We find that parents who enter the

labor market during adverse conditions are more likely to have worse mental health,

less household income, and are less willing to take financial risks. When measuring these

outcomes, we make sure to only include observations that precede the measurement of the

children’s mental health. Hence, they constitute plausible mechanisms behind the poorer

mental health of their children (rather than being outcomes simultaneously determined

with child mental health). We do not find effects on physical health, mortality, risky
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behavior, or locus of control. Using a simple mediation analysis, we identify parental

mental health as a key mediator to explain the effect of parental labor market entry

conditions on their daughter’s mental health. In fact, parental mental health can explain

22% of the intergenerational effect we find.

Overall, our results identify parental labor market entry conditions as a non-biological,

market-related shock that may help explain the intergenerational correlation in mental

health. This has important implications: (i) the intergenerational correlation in mental

health is not purely genetic or hereditary, and (ii) there is scope for social safety net

programs to improve mental health outcomes.

Contributions to related literature. We highlight three strands of the literature to

which our work contributes.

First, we find that parental labor market entry conditions are a determinant of child

mental health. The existing literature on the determinants of child mental health has

primarily focused on contemporaneous determinants and in-utero or early childhood de-

terminants. For instance, it has been shown that the well-being of children is affected by

contemporaneous parental health shocks (e.g., Glaser and Pruckner, 2023) and parental

labor market shocks (e.g., Powdthavee and Vernoit, 2013). However, since development

is a dynamic process (e.g., Cunha et al., 2010), circumstances at childhood or in-utero

may also have long-run effects on child well-being (Almond et al., 2018). Existing work

has indeed identified in-utero or early childhood shocks (Persson and Rossin-Slater, 2018;

Adhvaryu et al., 2019; Akbulut-Yuksel et al., 2022; Akee et al., 2023), family background

(Currie, 2009), and early-childhood environment (Currie and Almond, 2011) to be im-

portant determinants of well-being at later stages of life. Labor market entry conditions,

on which our paper focuses, differ from the mechanisms considered in the literature. In

particular, labor market entry conditions of parents happen long before the conception

or birth of their children and are a precondition of the other determinants that have been

studied in the literature.

Second, we find that the effects of labor market entry conditions spillover to the next

generation, particularly affecting the mental health of children. The existing literature
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on the effects of labor market entry conditions has focused primarily on outcomes of

the directly-affected generation (von Wachter, 2020). Various life dimensions have been

studied in the literature, including income (e.g., Kahn, 2010; Oreopoulos et al., 2012;

Altonji et al., 2016), and health and risky health behaviors (e.g., Maclean, 2013; Schwandt

and von Wachter, 2020; Maclean, 2015), among others. We are, to the best of our

knowledge, the first to explore the impacts of labor market conditions on the outcomes of

the succeeding generation. More specifically, we show that parental labor market entry

conditions affect children’s mental health at adolescence. We further explore the effect

of labor market entry conditions on the parents to better understand the underlying

mechanisms that drive the mental health in the next generation, which we believe to

have important implications for policy.

Last, we argue that parental labor market entry conditions may help explain the

intergenerational correlation in mental health. In our sample, we find a strong correlation

between parental and child mental health. This is consistent with the growing literature

that measures intergenerational correlations of mental health in various contexts using

both administrative data (Zhou et al., 2023; Bütikofer et al., 2023) and survey data

(McLaughlin et al., 2012; Johnston et al., 2013; Bencsik et al., 2023). By relying on

an exogenous source of variation in parental mental health, our results further suggest

that the intergenerational correlation in mental health is not purely genetic. This finding

echoes conclusions, for instance, on the intergenerational transmission of physical health

(Lundborg and Majlesi, 2018; Athanasiadis et al., 2022) and of wealth (Black et al., 2019).

Outline of the paper. The rest of the paper is structured as follows. In Section

2, we provide a detailed description of the data and variables used in the analysis. In

Section 3, we describe our empirical framework and discuss the identification strategy

for estimating the impact of parental labor market conditions on child outcomes, report

our key results, and probe their robustness to threats to internal validity. In Section 4,

we explore potential mediators behind the intergenerational impacts on child outcomes

and relate our results to the intergenerational correlation of mental health. Section 5

concludes.
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2 Data

Our primary data source is the Household, Income and Labor Dynamics in Australia

(HILDA) survey. HILDA is a nationally-representative longitudinal study of Australian

households, modeled after the Panel Study of Income Dynamics in the United States. It

is conducted annually by the University of Melbourne and currently spans two decades

(2001-2022).2 This dataset is particularly suitable for our analyses because it provides

longitudinal information on a wide range of outcomes for all the members of the house-

hold. Most notably, we observe mental health indicators for the offspring and their

parents and a detailed set of potential mediators for the parental generation that predate

the measurement of their children’s mental health.

In this section, we describe the main outcome variables obtained from HILDA, the use

of official statistics to construct unemployment rates at labor market entry, our sample

selection criteria, and summary statistics of our estimating sample.

2.1 Main Outcomes

The survey design of HILDA is such that all individuals above the age of 15 answer

the “adult questionnaire,” which elicits individual-level information on health-related

outcomes and well-being. We focus on mental health as the primary outcome of interest

for the offspring and complement it with a rich set of questions in which the respondent

describes his/her level of satisfaction with various aspects of life.

Mental health outcomes. HILDA provides, on a yearly basis, a mental health mea-

sure following the MHI–5 scale, which is the mental health subcomponent of the Short

Form 36 Health Survey and has been widely validated (Ware et al., 2000; Rumpf et al.,

2001; Hoeymans et al., 2004; Botha et al., 2023). The score goes from 0 to 100 with higher

values indicating better mental health. This information is collected for all individuals

aged 15 and above. We focus on adolescence, ages 15-20, which is an important time in

2We employ data up to 2019 to avoid using information during and after the Covid pandemic. Recent papers employing
the same dataset are, for instance, Todd and Zhang (2020) and Siminski and Yetsenga (2022).
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child development before major life changes. We use the same age criterion for the life

satisfaction measure described below.

It is well-known that measuring mental health is difficult because most surveys only

attempt to take snapshots of the underlying mental health situation of an individual.

These measures may be affected by transient ambient factors at the time of the interview,

like weather or pollution (e.g., Power et al., 2015; Burdett et al., 2021). As such, the

annual measures we observe in HILDA may only be imperfect measures of the overall

persistent mental health of an individual. To deal with measurement error in any year’s

reported mental health, we average the observations available for each individual between

ages 15 and 20 to approximate the latent mental health state (Nybom and Stuhler, 2017).

Since these observations pertain to different ages and are elicited across different survey

rounds, we first regress the MHI-5 score on age and survey round fixed effects and then

take the within-person average of the resulting residuals. To ease interpretation, we

standardize the resulting variable across individuals to have zero mean and unit standard

deviation. We also recode the variable so that higher values of the variable indicate worse

mental health.

For robustness checks, we employ two alternative measures of mental health. First,

we zoom into the five subcomponents of the MHI–5, namely how frequently during the

four weeks prior to the survey the respondent felt (1) unhappy, (2) nervous, (3) down, (4)

anxious, and (5) unable to cheer up, and verify that the effects are not driven by a single

dimension.3 In particular, we transform the responses to each dimension, which were

given in a 6-point scale (none, a little, some of the time, a good bit, most of the time,

and all of the time), into indicators taking the value of one if the relevant negative feeling

occurred at least “some of the time.” These indicators therefore capture the presence of

episodes of mental distress. Second, every two years, HILDA elicits an expanded version

of the survey tool which corresponds to the Kessler–10 index — another widely employed

and validated index (Kessler et al., 2002). We do not take this as our preferred measure

3For dimensions (1) and (4), the questionnaire actually asks for the frequency of feeling happy and calm. Since the
original coding of the variables is such that higher values imply less frequent episodes, we simply rename these variables
as “unhappy” and “anxious”. For dimensions (2), (3), and (5), which ask about the frequency of feeling nervous, down,
and hard to cheer up, we recode these variables such that higher values indicate a higher frequency of unfavorable mental
health outcomes.
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of mental health because it is elicited intermittently which means that fewer repeated

measurements of an individual’s mental health state are available. In any case, the MHI–

5 and the Kessler–10 indices are, not surprisingly, very highly correlated (Aulike et al.,

2021).

Life satisfaction. After showing that there is a reduced-form impact of parental la-

bor market entry conditions on their offspring’s mental health, we will be interested in

documenting whether their children’s overall life satisfaction is also lower and, if that is

the case, which particular aspects of their lives might be driving this lower overall life

satisfaction. To do so, we take advantage of another strength of HILDA: the elicitation of

satisfaction levels across a large number of life-related dimensions. In particular, HILDA

asks respondents to state “how satisfied or dissatisfied you are with some of the things

happening in your life” (on a 0–10 scale, with higher values indicating more satisfaction)

about the following dimensions: (a) the home you live in; (b) your financial situation;

(c) how safe you feel; (d) feeling part of your local community; (e) your health; (f) the

neighborhood in which you live; and (g) the amount of free time you have.4 For all

satisfaction measures, we construct an indicator taking the value of 1 if the stated level

of satisfaction is 5 or below, and 0 otherwise. Hence, these variables capture low levels

of satisfaction with each particular dimension.

2.2 Measurement of Labor Market Entry Conditions

We collect state-level unemployment rates from the Australian Bureau of Statistics. Given

our interest in studying the impact of parental labor market entry conditions, we construct

a measure for each parent that averages the unemployment rates that he/she experienced

between the ages of 18 and 22, when individuals typically finish formal education and

start to work. Focusing on the predicted timing of labor market entry rather than on

the actual timing of entry is common practice in the literature (e.g., Arellano-Bover,

2020; Berniell et al., 2023) as it leverages variation coming from the year of birth of the

4HILDA also elicits satisfaction with employment opportunities, but we do not explore it for the child generation as
they are only aged 15–20.
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individuals, which is plausibly exogenous, rather than variation from the actual timing

of labor market entry, which could be an endogeneous decision.5 Moreover, it may be

regarded as a more conservative approach because if graduation times were completely

exogenous, the measurement error introduced by this choice would likely attenuate our

estimates (Arellano-Bover, 2020).

In addition to the variation coming from the birth year of individuals, we also leverage

geographical variation in labor market entry conditions. One limitation of HILDA in this

respect is that, in survey rounds 1 to 19 (that is, from 2001 to 2019), it does not elicit

information on the geographical location of the individual at ages 18–22, nor on the state

of residence prior to those ages. Fortunately, in waves 12, 16, and 20 (2012, 2016, and

2020), HILDA asked for information on the state where the highest level of schooling was

completed. This is attractive for our purposes as entry in the labor market is expected to

happen right after the highest academic level is achieved. This therefore provides direct

information on the labor market conditions faced by these individuals upon entry. Our

sample size is significantly reduced if we only include those whose information is available

in waves 12, 16, and 20. As such, if information on the graduation location is available,

we use it. Otherwise, we rely on the state of residence observed at first entry into the

survey to proxy for the state of graduation.6 As a robustness check, we show that our

results are robust to using national unemployment rate shocks instead of shocks that

depend on the state of residence at labor market entry.

In Panel (a) of Figure 1, we present the raw time-series variation in unemployment

rates at the country-level. As can be seen, the period prior to the year 2000 had the largest

fluctuations in the unemployment rate. A component of the changes in unemployment

may be predictable from the general business cycle. In our preferred approach, we detrend

the unemployment rate series to capture just the changes in the unemployment rate

that are not associated with the predictable trend. We believe this detrended series

is a more faithful representation of the plausibly exogenous source of variation we are

5An additional advantage in our case is that we do not need to observe the exact year of graduation, which is not
collected in the survey.

6We acknowledge that individuals might migrate to a different state in response to the 18–22 unemployment rates.
We find that this is uncommon in practice, as 85% of the individuals in our sample completed education in the same state
in which we observe them in adulthood. While it may be possible that individuals migrate after age 22, we consider this a
margin of adjustment that is affected by our treatment and therefore does not constitute a source of bias.
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Figure 1: Variation in unemployment rate and unemployment rate shocks

(a) National unemployment rate, by year
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Notes: Panel (a) reports the raw national unemployment rate by year. This time series was obtained from The Organization

for Economic Cooperation and Development. Panel (b) reports the state-specific detrended unemployment rate at labor

market entry for the cohorts indicated in the horizontal axis. For this, we first detrend the quarterly time series of

state-specific unemployment rates using the filter proposed by Hodrick and Prescott (1997), then average the resulting

detrended unemployment rates to the yearly frequency. We define labor market entry conditions as the average state-level

unemployment rate shocks when the cohort is aged 18–22.

exploiting. In particular, we filter out state-specific trends from the quarterly state-

level unemployment rate series using the methodology proposed in Hodrick and Prescott

(1997), more commonly referred to as the HP filter.7 To make it into a variable at the

yearly level, we take the annual average of the shocks (cyclical components). In Panel (b)

of Figure 1, we focus on the average unemployment rate shocks faced by different cohorts

when they were aged 18–22, by state. This is closer to the true variation that we use

in our empirical strategy, for which we exploit cohort- and state-specific unemployment

rates net of a trend.8 One can appreciate that, although the average unemployment rate

shocks follow similar cohort-trends across states, there are sizable differences in the levels

and, more importantly, in the changes. In robustness checks, we show that the results

hold when using raw unemployment rates instead of their detrended version.

There are no theoretical reasons to inform which of the parents’ labor market entry

conditions is most relevant for their children’s outcomes. As a summary of the labor

7Following Ravn and Uhlig (2002), we use 1600 for the smoothing parameter corresponding to quarterly data.
8In Appendix Figure A1, we provide the corresponding figure with the average unemployment rate, without detrending.
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market entry conditions of both parents, in our preferred specifications, we use the average

unemployment shocks of both parents at their predicted time of labor market entry. For

completeness, we also report the estimated impacts when we introduce each of the parent’s

labor market conditions separately.9 This is not our preferred specification because, due

to assortative mating, the labor market entry conditions of the two spouses tend to be

highly correlated, which may lead to less stable results due to possible multicollinearity.

2.3 Mediators

It is important to understand the possible mediators of the reduced-form impact of

parental labor market entry conditions on their offspring’s mental health, if any. Al-

though it is impossible to cover all possible channels, HILDA is attractive in that it offers

very rich information on parental outcomes.

von Wachter (2020) surveys the extensive literature on the impacts of an individual’s

labor market entry conditions on their own short- and medium-run outcomes. We use this

summary to systematically guide us on which potential mechanisms may be most relevant

to explain the intergenerational effects. In particular, we will explore the impacts, among

the parents, of their own labor market entry conditions on the following dimensions: (1)

the (log) household annual gross income (in Australian dollars); (2) mental health; (3)

physical health; (4) mortality, proxied by an indicator of death during the time-frame

of this study; (5) an indicator of whether the person is a smoker; (6) an indicator of

whether the person is a heavy drinker; (7) the willingness to take financial risk using

available cash; (8) attachment to the labor market; (9) occupational prestige, and (10)

locus of control.10 To ensure that we only consider plausible mediators, we focus on

9Note that, since the child outcomes that we are interested in are independent of parental labor force status, we can
study the effects of both fathers and mothers without worrying about selection into labor force participation among females
(e.g., Kahn, 2010).

10Mental health is computed in a similar manner as for the offspring, i.e., employing the MHI–5 scale. Physical health
is measured by the SF-36 Physical Functioning Scale, which has also been widely validated (Bohannon and DePasquale,
2010). A person is classified as a smoker and as a heavy drinker if he/she reports to smoke cigarettes or any other tobacco
products and to drink alcohol at least five days per week, respectively. Willingness to take risks is measured through
a questions asking “which of the following statements comes closest to describing the amount of financial risk that you
are willing to take with your spare cash?” with options “I take substantial financial risks expecting to earn substantial
returns”; “I take above-average financial risks expecting to earn above above-average returns”; “I take average financial
risks expecting to earn average returns”, and “I am not willing to take any financial risks.” Attachment to labor market
measured as being unemployed or out of the labor market. Occupational prestige is measured using the 0–100 AUSEI06
occupational status scale, designed specifically for the Australian context (McMillan et al., 2009). Locus of control is
computed employing multiple correspondence analysis for questions on the degree of agreement in a seven-point scale with
the statements of: having little control over own life; having no way to solve problems; not being able to change important
things in life; feeling helpless; feeling pushed around; believing that the future depends on themselves; and feeling that
he/she can do just about anything (when needed, responses are recoded such that higher values on the scale reflect a less
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parental outcomes along the above dimensions collected before the first measurement of

child mental health (age 15).

2.4 Sample Selection and Summary Statistics

Sample selection. Our interest is in how parental initial labor market conditions im-

pact their offspring’s mental health. We focus on children whose mental health status

is observed at least once between the ages of 15 and 20. Moreover, we impose that in-

formation on all of the mediators described above is available for both parents of the

child. In this manner, we can conduct the mediation analysis on the parents of all the

children for whom we investigate the mental health impacts of parental labor market

entry conditions. We focus on parents born in or after 1964. Our final estimating sample

is composed of 521 sons, 509 daughters, and their respective parents.

Representativeness. In Appendix Table A1, we detail how the sample size changes at

different steps of our sample selection. Our most demanding restriction on both the child

and parent sample is that we need to observe them at appropriate ages (equivalently, they

need to be born in certain years). For instance, children need to be observed between

ages 15 and 20, while parents included in our analysis of family formation need to be

observed at the age of completed fertility.

Though our data requirements are demanding, which leads to our final samples being

significantly smaller than the full sample available in HILDA, we show that the distribu-

tion of fixed characteristics in our sample is very similar to that of the original sample. In

Appendix Table A2, we focus on the parental sample and show that the characteristics of

the parents in our main analysis do not differ from those of the full sample of parents born

in similar years observed in HILDA. Specifically, we observe no economically significant

differences in the distribution of year of birth, unemployment rate faced at labor market

entry, years of education, and whether they are from a migrant family. This is true even

when we focus on mothers and fathers separately. These results provide reassurance that,

internal locus of control).
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despite our demanding data requirements, our sample likely remains representative of the

more general population of parents that we are interested in.

Summary statistics. Table 1 provides some basic statistics of the children in our es-

timation sample, observed at ages 15 to 20, separated by gender. In terms of mental

health, a sizable proportion of our male subsample suffers from frequent episodes of anxi-

ety and nervousness (23.3% and 17.1%, respectively). Other feelings such as unhappiness

are common but less prevalent (13.2%). In terms of satisfaction, 5.2% of males report a

level of 5 or lower with their health. The proportion is high for the dissatisfaction with

their financial situation (29.0%), how much they feel part of a community (23.5%), and

with the amount of free time that they have (14.9%). As consistent with past literature,

the levels of dissatisfaction and mental health issues are higher among females. The

descriptive statistics for the sample of parents is provided in Appendix Table A3.

Turning to our source of exogenous variation, the mean of the raw unemployment rate

of either parent between ages 18–22 is around 8.4% with a standard deviation of about

1.2. The detrended version has a mean close to zero, which is expected as it represents

shocks. The last row in the table reports the statistics for the variable that averages

the value of the paternal and the maternal detrended unemployment rate for each child.

As explained, this is our preferred measure of parental labor market entry conditions in

the regressions to follow. The standard deviation of the average parental unemployment

shock across individuals is 0.31, which we will use to interpret the magnitude of our

estimates.
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Table 1: Summary statistics (child sample)

Sons Daughters

Mean Standard Count Mean Standard Count
deviation deviation

Felt in the last four weeks...
Unhappy 0.132 0.260 521 0.222 0.313 509
Nervous 0.171 0.287 521 0.282 0.355 509
Down 0.105 0.224 521 0.222 0.320 509
Anxious 0.233 0.329 521 0.381 0.366 509
Hard to cheer up 0.059 0.174 521 0.119 0.239 509
Average bad mental 0.039 0.136 521 0.116 0.248 509

Low satisfaction with life aspects
Home you live in 0.041 0.139 521 0.056 0.158 509
Financial situation 0.290 0.340 521 0.260 0.314 509
Safety 0.023 0.107 521 0.031 0.119 509
Feeling part of community 0.235 0.334 521 0.233 0.312 509
Your health 0.052 0.156 521 0.103 0.237 509
Your neighborhood 0.081 0.192 521 0.083 0.193 509
Amount of free time 0.149 0.249 521 0.203 0.284 509
Life as a whole 0.018 0.085 521 0.044 0.153 509

Main explanatory variables
Raw paternal entry unemployment rate 8.378 1.170 521 8.318 1.060 509
Detrended paternal unemployment rate 0.008 0.397 521 -0.025 0.402 509
Raw maternal entry unemployment rate 8.372 1.296 521 8.380 1.283 509
Detrended maternal unemployment rate -0.048 0.390 521 -0.029 0.389 509
Avg. detrended parental unemployment rate -0.020 0.310 521 -0.027 0.309 509

Notes: Descriptive statistics from the population aged 15–20 used to estimate the impact of parental labor force entry

conditions on mental health and life satisfaction of children. Mental health variables are indicators taking the value of 1 if

the person reported to have experienced a given feeling at least “some of the time” in the four weeks prior to the survey.

Low satisfaction is defined as reporting a level of satisfaction with a given life aspect of 5 or lower on a 10-point scale. All

dimensions are averages across all observations from the same individual before computing the sample moments across

all individuals (but, unlike in our econometric specifications, we report them without removing survey round averages and

age profiles to ease interpretation). Year of birth of the children ranges from 1988 to 2004.
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3 Intergenerational Impacts on Mental Health

3.1 Empirical Strategy

To study the reduced-form impact of parental labor market entry conditions on the

outcomes of the next generation, we follow Oreopoulos et al. (2012), who employ variation

over time in labor market conditions across US states to estimate the wage effects of labor

market conditions at graduation. We estimate the following model (and variations for

robustness) separately for sons and daughters (observed at the ages of 15 to 20):

yi = α + β × URp(i) + γc(p(i)) + λs(p(i)) + εi, (1)

where an outcome of interest y for individual i with parents p(i) is a function of the average

unemployment shock of both parents at their labor market entry (URp(i)), parental cohort

controls (γc), and state fixed effects (λs). For parsimony, we parameterize the cohort

controls as quadratic polynomial trends for each of the parents.11 The main dependent

variables are self-reported mental health and the degree of satisfaction with various life

aspects. We cluster standard errors at the maternal state at graduation × cohort level.12

The coefficient of interest, β, therefore captures the change in the outcome induced

by a one-percentage point increase in the unemployment rate, relative to the trend, at

entry in the labor market of their parents (i.e., as parental labor market entry conditions

worsen). As we use the average unemployment shocks over the ages 18–22 rather than

focusing on the unemployment shock at exact labor market entry, the effects we find are

best interpreted as intention-to-treat estimates.

As previously mentioned, to deal with noise in self-reported subjective outcomes, our

outcome of interest is the within-individual average of the measured outcome between

ages 15–20 after partialling out age and business cycle effects. In our regressions, for

efficiency reasons, we use analytical weights corresponding to the number of observations

per child used in constructing the average value of each outcome of interest.

11As a robustness check, we also estimate a more flexible cohort trend using cohort-specific fixed effects.
12As a robustness check, we will also report the standard errors where we cluster on paternal state at graduation ×

cohort level.
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Threats to identification. The causal interpretation of β relies on the orthogonality

of labor market entry conditions with other determinants of the outcomes of interest. We

highlight three of the most salient threats to internal validity and discuss how we address

them.

1. Endogenous timing of entry into the labor market: One might be concerned that

individuals select when they enter the labor market by delaying or prolonging edu-

cation in response to the economic conditions they face. As mentioned, our measure

of labor market entry conditions (unemployment rate shocks at ages 18-22) relies

on variation in birth year not in the year of actual entry into the labor market

(Arellano-Bover, 2020; Berniell et al., 2023). Birth year is plausibly exogenous as

it is unlikely that parents can anticipate the labor market conditions that their

children will face two decades later.

2. Endogenous location of entry into the labor market: Another concern is that in-

dividuals select where they enter the labor market in response to job availability.

Our main specifications use state-specific unemployment rate shocks at ages 18-22,

which depend on the state of labor market entry. The underlying assumption is that

the state is the relevant local labor market for job search, allowing for individuals

to self-select into locations within the state. In a robustness check, we allow the

relevant market to be the national labor market by using the national unemploy-

ment rate shocks as the measure of labor market entry conditions. Our results are

quantitatively similar.

3. Endogenous sample selection: Our outcomes are measured years after the parental

generation entered the labor market. A potential concern, then, is that the sam-

ple we observe is a result of non-random selection. There are two salient sources

of non-random selection. First, we might be concerned about selective attrition

arising from migration and mortality. Since HILDA continuously tracks individuals

irrespective of their location within Australia, internal migration is not a concern.

Moreover, we show in Section 4.1 that we do not find effects of parental labor mar-
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ket entry conditions on parental mortality. Second, specific to our novel focus on

child outcomes, one could be concerned about the selection of parents and children

due to family formation. In particular, we may be concerned that labor market

entry conditions may affect decisions of family formation such as partnership, as-

sortative mating, and fertility, which in turn affect who we observe as parents and

children in our sample. In Section 3.3, we explore this and show that labor market

entry conditions do not have effects on partnership formation, assortative mating,

or completed fertility (measured at age 50).

3.2 Main Results

Figure 2: Parental unemployment rate at graduation and child’s mental health

(a) Raw unemployment rates
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(b) Detrended unemployment rates
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Notes: Unemployment rates are state- and cohort-specific. We employ the raw unemployment rates in panel (a) and their

detrended version in panel (b). The blue curves (circle markers) plot the average unemployment rate or unemployment

rate shock experienced at labor market entry by the two parents (for graphical purposes, we assign the value to the year of

birth of the mother on the horizontal axis). The red curve (square markers) is the MHI-5 index of mental health distress

(after netting out survey round fixed effects and age profiles) that their children experienced between ages 15 and 20.

Parental cohorts with less than 10 observations are not reported.

Mental health. In Figure 2, we graphically show the strong positive relationship be-

tween the parental unemployment rates experienced at the predicted time of labor market

entry (blue lines) and the extent of mental health issues experienced by their offspring

(red lines). Such correlation is present both when using the raw unemployment rate in

Panel (a) and its detrended version in Panel (b).
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We formalize the above relationship by estimating Equation (1). Table 2 reports

the estimated causal effect of parental labor market entry conditions on child mental

health, separately by the gender of the child. For completeness, we also show the results

first introducing the father’s unemployment rate, then the mother’s, and finally both

of them at the same time. Our preferred specification is the one in Column (4) which

uses the average of the two parental unemployment rates to proxy for the labor market

entry conditions of parents. We find that parental unemployment rates have a strong

detrimental effect on their daughters’ mental health in adolescence. In particular, given

the 0.31 standard deviation of the average parental unemployment shock, the coefficient of

0.410 means that a 1 standard deviation increase in the unemployment rate relative to its

trend is associated with an increase of 0.41 × 0.31 = 0.1271 of a standard deviation in the

index of poor mental health. This effect is mainly driven by the maternal unemployment

rate, although the role of the paternal unemployment rate is sizable in magnitude (but

not statistically significant). We do not detect an effect of parental labor market entry

conditions on the mental health of sons. This conclusion is unlikely a consequence of

low power to detect possible economically meaning effects; the point estimates are close

to 0. The difference in the impacts by gender is consistent with recent evidence from

Giulietti et al. (2022) showing that girls are more prone to suffer from teenage depression

in response to changes in their environment than boys.

Life satisfaction. We explore the effects of parental labor market entry conditions on

their children’s degree of satisfaction with various life aspects to identify complementary

and/or contributing factors to the mental health effects documented above. We estimate

linear probability models in the style of Equation (1) where the outcomes are binary

variables indicating whether the level of satisfaction is less than or equal to 5 in a 10-

point scale, averaged over observations during ages 15–20 after partialling out age and

business cycle effects.

In Table 3, we find that daughters’ poorer mental health is accompanied by a higher

likelihood of being dissatisfied with various life aspects. Given a one standard deviation

increase in the unemployment rate faced by their parents during labor market entry,
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Table 2: Intergenerational spillovers on mental health of labor market entry conditions

Outcome: Bad mental health (z-score)
(1) (2) (3) (4)

Panel (a): Sons only

Father’s unemp. rate -0.063 -0.069
(0.076) (0.084)

Mother’s unemp. rate 0.003 0.023
(0.106) (0.115)

Parental unemp. rate -0.047
(0.109)

Observations 521 521 521 521
R-squared 0.060 0.059 0.060 0.059

Panel (b): Daughters only

Father’s unemp. rate 0.183 0.107
(0.133) (0.129)

Mother’s unemp. rate 0.320*** 0.296**
(0.114) (0.116)

Parental unemp. rate 0.410***
(0.154)

Observations 509 509 509 509
R-squared 0.026 0.038 0.039 0.037

Notes: Regressions of child mental health (measured using MHI-5) on various combinations of paternal and maternal labor

market entry conditions. “Father’s unemp. rate” and “Mother’s unemp. rate” refer to the detrended unemployment rate

faced by the father and the mother at ages 18-22, respectively. “Parental unemp. rate” refers to the simple average of

the father’s and the mother’s detrended unemployment rates. The outcome is standardized using the mean and standard

deviation of 15–20 year old individuals. We additionally control for quadratic cohort trends based on the paternal and

maternal year of birth and state of residence. Standard errors clustered at the maternal state of labor market entry ×

cohort level. *** p<0.01, ** p<0.05, * p<0.1. The counterpart of this table where standard errors are clustered at the

paternal state of labor market entry × cohort level is reported in Appendix Table A4. The results that use the pooled

sample including both sons and daughters are reported in Appendix Table A5.

we find that daughters are 10.6 × 0.31 = 3.286 percentage points more likely to report

that they are not satisfied with their overall health during adolescence. This result is

reassuring as we expect mental health to be an important component of overall health.

Moreover, we also find that daughters have higher levels of dissatisfaction with their home

and with the financial situation of their household. We find suggestive evidence that all

this translates into a higher likelihood of being dissatisfied with life overall, as shown in
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Table 3: Effects on other aspects of child well-being

(1) (2) (3) (4) (5) (6) (7) (8)
Low satisfaction with... Home Financial Safety Community Health Neighborhood Free time Life

situation

Panel (a): Sons only

Father’s unemp. rate -0.016 -0.033 -0.030*** 0.019 -0.004 -0.017 -0.048 -0.018*
(0.014) (0.041) (0.010) (0.034) (0.017) (0.022) (0.031) (0.009)

Mother’s unemp. rate 0.004 -0.032 0.006 -0.007 -0.001 -0.005 0.023 0.027**
(0.015) (0.036) (0.016) (0.036) (0.024) (0.022) (0.024) (0.012)

Observations 521 521 521 521 521 521 521 521
R-squared 0.055 0.063 0.056 0.072 0.080 0.076 0.020 0.100

Parental unemp. rate -0.015 -0.041 -0.029*** 0.017 -0.005 -0.018 -0.041 -0.010
(0.013) (0.041) (0.010) (0.034) (0.014) (0.022) (0.031) (0.008)

Observations 521 521 521 521 521 521 521 521
R-squared 0.054 0.061 0.056 0.072 0.080 0.076 0.019 0.087

Panel (b): Daughters only

Father’s unemp. rate -0.000 0.050 -0.015 0.005 0.027 0.016 0.028 -0.013
(0.018) (0.043) (0.012) (0.038) (0.029) (0.027) (0.034) (0.014)

Mother’s unemp. rate 0.051*** 0.059 0.031*** 0.040 0.077*** 0.006 0.007 0.046***
(0.018) (0.039) (0.012) (0.038) (0.019) (0.027) (0.036) (0.014)

Observations 509 509 509 509 509 509 509 509
R-squared 0.085 0.052 0.053 0.031 0.046 0.052 0.037 0.052

Parental unemp. rate 0.053** 0.110** 0.018 0.046 0.106*** 0.021 0.034 0.036*
(0.024) (0.049) (0.015) (0.052) (0.026) (0.026) (0.044) (0.018)

Observations 509 509 509 509 509 509 509 509
R-squared 0.078 0.052 0.044 0.031 0.043 0.052 0.037 0.041

Notes: Regressions replicate those in Table 2’s Columns (3) and (4) where the outcome is an indicator taking the value of

1 if the variable in the respondent stated that his/her level of satisfaction with the outcome variable is less than or equal

to 5 on a 0–10 point scale. Standard errors clustered at the maternal state of labor market entry × cohort level. ***

p<0.01, ** p<0.05, * p<0.1. The counterpart of this table where standard errors are clustered at the paternal state of

labor market entry × cohort level is reported in Appendix Table A6. The results that use the pooled sample including both

sons and daughters are reported in Appendix Table A7.

Column (8). Similarly to the results for mental health, we do not detect sizable impacts

of parental labor market entry conditions on their sons’ satisfaction over this set of life

aspects.

3.3 Robustness Checks

In this section, we probe the robustness of our main results to possible threats to internal

validity. We start by assessing the sensitivity of our results to the measurement of mental

health, our main outcome of interest. Next, we determine how robust our conclusions are

to alternative proxies for parental labor market entry conditions and alternative choices
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to the empirical specification. Lastly, we address potential concerns about selection and

attrition.

Table 4: Effects on mental health indicators of the child

(1) (2) (3) (4) (5)
Felt Felt Felt Felt Cannot

unhappy nervous down anxious cheer up

Panel (a): Sons only

Parental unemp. rate 0.039 -0.050 -0.009 -0.011 -0.005
(0.045) (0.051) (0.040) (0.066) (0.036)

Observations 521 521 521 521 521
R-squared 0.039 0.051 0.051 0.031 0.071

Panel (b): Daughters only

Parental unemp. rate 0.182*** 0.092 0.075 0.072 0.110**
(0.045) (0.060) (0.055) (0.055) (0.048)

Observations 509 509 509 509 509
R-squared 0.055 0.018 0.033 0.052 0.056

Notes: Estimation of the specification in Table 2’s Column (4) where the outcomes are indicators of having experienced

negative feelings for each of the five components of the MHI-5 in the previous four weeks and the main independent

variable is the average of the detrended unemployment rates faced by the two parents at labor market entry. Standard

errors clustered at the maternal state of labor market entry × cohort level. *** p<0.01, ** p<0.05, * p<0.1. The results

that use the pooled sample including both sons and daughters are reported in Appendix Table A8.

Alternative measures of mental health. We show in two ways that the mental

health impacts we find are not an artifact of our chosen measure of mental health. First,

in Table 4, we run the same regression separately for indicators of frequent episodes of

poor mental health for each of the 5 components of the MHI-5.13 We find that daughters

whose parents were exposed to higher unemployment rates at their labor market entry

are significantly more likely to feel unhappy and to not be able to cheer up. In terms

of magnitude, a 1 standard deviation unemployment rate shock at labor market entry

is associated with an 18.2 × 0.31 = 5.642 percentage points increase in the probability

13In Appendix Table A9, we show the regressions where the unemployment rate shocks of the father and the mother
are individually included in the same regression.
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of having felt unhappy. We also find sizable increases in the likelihood of having felt

nervous, down or anxious but these estimates are not statistically significant.

Second, in Appendix Table A11, we replicate our analysis using the Kessler-10 scale

(Kessler et al., 2002) as our measure of mental health, instead of the MHI-5 employed

in our main analysis. We again find economically and statistically significant effects of

parental labor market entry conditions only for daughters, which is consistent with our

findings using MHI-5.

Randomizing labor market entry conditions. To improve our confidence that the

results we find are not spurious, we conduct a simple simulation exercise in the spirit of

Fisherian randomization inference (Imbens and Wooldridge, 2009). We randomize labor

market entry conditions by randomly assigning parental state of labor market entry and

year of birth (the two dimensions along which unemployment at labor market entry

varies) to each child and then we re-estimate the coefficients corresponding to Column

(4) in Table 2. The idea is that, across estimates based on resampled data, we examine

the distribution of the point estimate under the null that labor market entry conditions

do not affect midlife mental health. Figure 3 displays the empirical distribution of point

estimates over 1,000 resampling procedures independently done for both the sons and

the daughters subpopulations. For daughters, the point estimate from the actual data

(indicated in the graph with the blue discontinuous line) lies comfortably outside the

empirical 90% confidence interval, indicated with solid green lines. This suggests that it

would be highly unlikely that we obtained our main results by chance. The point estimate

for sons lies within the 90% confidence interval, reaffirming our conclusions in the main

analysis.

Alternative measures of labor market entry conditions. Just as we probed the

robustness of our results to alternative measures of our main dependent variable, we now

explore the robustness of our conclusions to alternative measures of our main independent

variable: parental labor market entry conditions. In the main analysis, we used the

average unemployment shocks of both parents, at the state of labor market entry, where
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Figure 3: Randomized Inference

(a) Sons only
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(b) Daughters only
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Notes: Histogram of point estimates of the β coefficient in regressions of the form of Column (4) in Table 2 where the

year of birth and the state of each of the two parents is randomly allocated 1,000 times (preserving the initial distribution

of these two dimensions), separately for sons and daughters. The discontinuous blue line mark the point estimate obtained

in Column (4) of Table 2. The solid green lines mark the empirical 90% confidence interval.

the cyclical components were obtained using an HP filter. We consider three alternative

measures.

First, we replicate our results using an alternative way to extract the cyclical com-

ponents. In particular, we take the raw unemployment rates and standardize the series

using the state-specific mean and standard deviation. This is an alternative approach

to the HP filter where we detrend the unemployment rate series assuming a flat trend

over time. Moreover, it makes the deviations more comparable across states as they are

expressed in terms of state-specific standard deviations. Such approach has been used by

Arellano-Bover (2020), for example. We report the result in Column (1) of Table 5. We

again find that the daughters of parents who faced worse labor market entry conditions

have poorer mental health at adolescence.

The literature on the short- and mid-run outcomes of bad labor market entry condi-

tions has traditionally employed raw unemployment rates. In Column (2) of Table 5, we

show that replicating our baseline estimation using non-detrended unemployment rates

at 18–22 does not change the results. The standard deviation of the average parental

non-detrended unemployment rate is about 1.2. Therefore, the point estimate of 0.152

corresponds to an increase of 0.152× 1.2 = 0.1824 standard deviations in the index of poor
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Table 5: Robustness to alternative measures of labor market entry conditions

(1) (2) (3) (4) (5)
Outcome: Bad mental health

Panel (a): Sons only

State-specific parental unemp. rate -0.018
(0.083)

Raw parental unemp. rate -0.020
(0.041)

Detrended national-level parental unemp. rate -0.024
(0.121)

Parental unemp. rate -0.046 -0.297
(0.122) (0.326)

Observations 521 521 521 447 521
R-squared 0.059 0.059 0.059 0.096 0.143

Panel (b): Daughters only

State-specific parental unemp. rate 0.311***
(0.117)

Raw parental unemp. rate 0.152**
(0.060)

Detrended national-level parental unemp. rate 0.379**
(0.174)

Parental unemp. rate 0.431** 0.887
(0.170) (0.585)

Observations 509 509 509 424 509
R-squared 0.037 0.038 0.033 0.065 0.091

Notes: All regressions are variations of Column (4) of Table 2. Regressions in Columns (1) and (2) use as main in-

dependent variable the average of the state-specific standardized unemployment rate and the average state-specific raw

unemployment rate between the two parents at their expected time of labor market entry, respectively. Column (3) uses as

main independent variable the average detrended parental country-level unemployment rate at labor market entry. Column

(4) additionally controls for grandparental education, occupational prestige, and indicators for non-Australian origins.

Sample size is reduced due to the unavailability of some of these controls for a subset of the individuals employed in Table

2. Column (5) replaces the quadratic polynomial of the father’s and mother’s cohort by cohort fixed effects. Standard

errors clustered at the maternal state of labor market entry × cohort level. *** p<0.01, ** p<0.05, * p<0.1. The results

that use the pooled sample including both sons and daughters are reported in Appendix Table A10.

mental health, which is similar to our baseline estimate. As discussed previously, our pre-

ferred specification uses the detrended unemployment rate as it removes the predictable

trend of the labor market and focuses on the plausibly exogenous variation around it.

Third, we probe the robustness of our results to the potential endogeneity of the

geographical location of parents at the time of labor market entry (i.e., they could choose
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to migrate to areas of the country with better economic conditions). In our baseline

specification, we use state-specific unemployment rate shocks which depend both on the

cohort and state at labor market entry. In the case where individuals search for jobs

outside their local labor markets during labor market entry, the relevant labor market

conditions may be better captured by the national unemployment rate (Bentolila et al.,

2022). Using the unemployment rate at the country level exclusively exploits temporal

(cross-cohort) variation in labor market conditions and is not affected by concerns of

internal migration. Following the same rationale as in our preferred specification, we

detrend the country-level yearly unemployment rates using the filter proposed by Hodrick

and Prescott (1997), and report the results using the average detrended parental national

unemployment rates upon graduation in Column (3). We find very similar results in

magnitude and statistical significance.

Controls in main specification. The causal interpretation of our estimate of labor

market entry conditions relies on a conditional independence assumption. As argued

above, this is likely to hold given that treatment is defined by plausibly exogenous char-

acteristics (year of birth and geographic location upon labor market entry) and that

we consider unemployment rate deviations from state-specific trends. In Column (4) of

Table 5, we introduce additional sociodemographic controls for education, occupational

prestige, and country of origin of the grandparents. We focus on characteristics of the

grandparents because they are predetermined and are therefore not affected by labor

market entry conditions. Although the sample size is reduced as these variables are miss-

ing for some individuals, it is reassuring that the point estimate that we obtain is very

close to the one in Table 2’s Column (4) for both daughters and sons.

Empirical specification of cohort effects. In the main specification, we account

for common national cohort effects through quadratic cohort trends for each parent. In

Column (5) of Table 5, we take a non-parametric approach and instead include cohort-

specific fixed effects for each parent, which is a more data-demanding approach. We

obtain estimates that are considerably larger in magnitude yet are estimated more im-
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precisely.

Selection: panel attrition. Non-random attrition could arise through migration and/or

death of potential parents. Attrition by internal migration is largely alleviated by the

sample design of HILDA, which includes nationwide coverage as well as the tracking of

split households (which is particularly useful to access child outcomes). A more salient

concern is attrition through death. This is specifically motivated by recent work by

Schwandt and von Wachter (2020), which shows that individuals graduating in less fa-

vorable labor market conditions have increased mortality around midlife, particularly due

to diseases related to high-risk behavior. In principle, this would lead to positive selection

of individuals that remain in our sample — that is, we would be more likely to observe

individuals who have relatively better mental health and other outcomes. Thus, this

form of attrition should go against finding worse outcomes for their children. Moreover,

Section 4 will formally show that labor market entry conditions do not have an impact

on parental mortality or on the take-up of high-risk behavior (i.e., smoking and heavy

drinking).

Selection: family formation. The literature on the effects of labor market entry

conditions highlights that selective attrition is a potential threat to identification. Specific

to our particular interest, we are concerned that early labor market conditions may affect

family formation which, may in turn have implications on the outcomes of the children we

observe. In particular, labor market entry conditions may affect whether individuals ever

get married, who they are married to, and whether they have children. In Table 6, we

explore the effects of labor market entry conditions on partnership formation, assortative

mating, and completed fertility. We do not find that labor market entry affects affect

these aspects of family formation, which suggests that the results we find are not primarily

driven by selection on these dimensions.

In Panel (a) of Table 6, we explore the effects of labor market entry conditions on

partnership formation. Prior work on the effects of labor market entry conditions on

partnership formation has provided estimates with varying sign and size (e.g., Kondo,
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Table 6: Effects on family formation

(a) Partnership formation

Ever married Age marriage Ever separated partner

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

Unemp. rate -0.056 0.036 -0.365 0.014 0.065 -0.066
(0.042) (0.026) (1.364) (0.981) (0.062) (0.049)

Observations 717 841 568 713 635 718
R-squared 0.008 0.011 0.037 0.020 0.009 0.020
Sample Males Females Males Females Males Females

(b) Assortative matching

Age gap Same education level

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

Unemp. rate 0.218 0.744 0.037 0.091
(1.063) (0.735) (0.079) (0.095)

Observations 600 531 592 515
R-squared 0.040 0.028 0.013 0.024
Sample Males Females Males Females

(c) Childbearing

Any child No. of children Age at first child

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

Unemp. rate 0.081 -0.023 0.434 -0.015 -2.051 -0.313
(0.065) (0.032) (0.283) (0.171) (1.524) (1.199)

Observations 717 841 717 841 588 737
R-squared 0.009 0.015 0.020 0.003 0.046 0.024
Sample Males Females Males Females Males Females

Notes: The sample contains individuals born between 1984 and 1960 that were observed at or after age (i.e., completed

fertility). To be included in the sample, we further require that information on whether the person has had any child is

available. We do not impose that other information is available (e.g., age at marriage) which explains changes in sample

size. Regressions follow Equation (1) where the outcomes in Panel (a): an indicator of the person ever marrying, the age

at first marriage, and an indicator for ever having separated from an spouse. Outcomes in Panel (b): the gap in years

between the male and the female spouse and an indicator for whether the level of education of both spouses being the same.

Outcomes in Panel (c): total number of children, an indicator with value 1 if the person had at least one child by the last

time the person was observed after age 50 (i.e., upon completed fertility), and the age of the parent at the time of the first

childbearing. Standard errors clustered at the state of labor market entry × cohort level. *** p<0.01, ** p<0.05, * p<0.1.
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2012; Currie and Schwandt, 2014; Hofmann and Hohmeyer, 2016; Maclean et al., 2016;

Choi et al., 2020; Engdahl et al., 2024). In our particular context, we do not find effects

of labor market entry conditions on a range of measures of partnership formation. First,

we explore the effects of labor market entry on the decision to be married for which we

focus on individuals we observe at least aged 50. We do not find an economically nor

statistically significant effect of labor market entry on individuals ever being married (by

the age of 50). Second, conditional on being married, we explore the effects of labor

market entry conditions on the age at marriage and the event of separating from their

partner. We do not find effects of labor market entry on these decisions either.

In Panel (b) of Table 6, we explore the effects of labor market entry conditions on

assortative mating or homogamy between partners. We focus on two dimensions of sorting

of particular interest in the literature: age (e.g., Atkinson and Glass, 1985; Qian and

Preston, 1993; Ciscato and Weber, 2020) and education (e.g., Mare, 1991; Schwartz and

Mare, 2005; Hirschl et al., 2024). We do not find statistically significant effects of labor

market entry conditions on the age gap between partners nor on the probability that

partners are of the same education level.

In Panel (c) of Table 6, we explore the effects of labor market entry conditions on who

becomes a parent both at the extensive (any child) and intensive (number of children)

margin by age 50. From a theoretical perspective, the presence and direction of the effects

on childbearing are ambiguous (Becker, 1973). There is also mixed empirical evidence in

the literature as to what is the effect of labor market entry conditions on childbearing:

some papers find significant effects (e.g., Currie and Schwandt, 2014; Choi et al., 2020)

while others do not (e.g., Hofmann and Hohmeyer, 2016). We do not find any effects of

labor market entry conditions on fertility on either the extensive or the intensive margin.

Moreover, we do not find effects on the age that individuals have their first child.
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4 Mechanisms and Mediation Analysis

In the previous section, we found a causal relationship between the labor market entry

conditions of parents, a shock that occurred before the children were born or conceived,

and the mental health of daughters. In this section, we investigate the mechanisms that

may link these two situations across generations. To do so, we explore the impacts of

labor market entry conditions on various short- to medium-run outcomes of the parental

generation deemed to be important determinants of the environment during formative

early childhood stages (e.g., Cunha et al., 2010).

To guide our analysis, we follow von Wachter (2020) to identify outcomes of the

parental generation, previously studied in the literature, that may have been affected by

their own labor market entry conditions. We then conduct a simple mediation analysis à

la Gelbach (2016) to provide suggestive evidence of which of the dimensions might best

explain the intergenerational effects that we find.

4.1 Which Outcomes Changed for the Parental Generation?

We first identify which mid-life outcomes of the parental generation are affected by their

labor market entry conditions. These mid-life outcomes form the circumstances of the

child in their formative years, particularly as they determine the capabilities of parents to

invest in their children (Becker and Tomes, 1986; Cunha et al., 2010; Almond et al., 2018).

For instance, the literature has studied the effects on children’s later life outcomes of

parental unemployment (Ermisch et al., 2003; Nikolova and Nikolaev, 2021) and parental

death (Garcia-Brazales, 2023) at early childhood. While labor market entry conditions of

the parents may later affect mid-life unemployment or mortality, it is plausible that other

life dimensions that contribute to providing favorable circumstances to raise children are

also affected. Moreover, circumstances before the child is born may already play a role

in determining later childhood outcomes.

To narrow our focus systematically, we consider dimensions identified by von Wachter

(2020) as outcomes that may be affected by own labor market entry conditions. These in-
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clude: physical health, premature death, risky behaviors (smoking and drinking), income,

risk-taking attitudes, locus of control, detachment from the labor force, and occupational

prestige. Given our context, we additionally study parental mental health.

We estimate the following regression:

yp = α + β × URp + γc(p) + λs(p) + εp. (2)

The notation closely follows from Equation (1) but the unit of observation is now the

child’s parents. The dependent variable of the regression yp is a summary of parental out-

comes of a certain child. In the case of income, mental health, physical health, willingness

to take financial risks, occupational prestige14, and locus of control it is an average of the

outcomes of parents prior to their child being age 15 to ensure our focus are on parental

outcomes that are not measured contemporaneous as the child mental health outcomes.

For ever dies, smoker, and heavy drinker, we construct a binary variable if parents have

died, was a smoker, or was a heavy drinker before the child was age 15, respectively. We

measure detachment from the labor force as the proportion of observations (prior to their

child being 15) for which we observe the individual to be unemployed or out of the labor

force.

Table 7 reports the estimates of Equation (2) separately for each of the ten outcomes

of interest. In Column (1), we find that the collective household income of parents who

enter the labor market during worse times is lower, on average.15 In Column (2), we

find that the parents who entered the labor market under worse conditions are more

likely to suffer from poorer mental health. We do not detect effects on physical health

or premature death, as seen in Columns (3) and (4). Furthermore, parents who enter

the labor market under worse conditions are less willing to take financial risks (Column

(7)), but are neither more nor less likely to take-up risky behaviors of smoking and heavy

drinking (Columns (5) and (6), respectively). Column (8) shows that parents are more

likely to be detached from the labor force. Although the coefficient is not statistically

14Occupational prestige is measured employing the 0–100 AUSEI06 occupational status scale, which was designed ex
profeso for the Australian context (McMillan et al., 2009).

15Total household income includes non-labor earnings such as business and capital income. While the literature has
mainly focused on labor income alone, we believe that total household income is more relevant for a child’s circumstances.
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Table 7: Mediation: Impacts on parental outcomes

(1) (2) (3) (4)
Log household income Bad mental health Bad physical health Ever dies

Unemp. rate -0.202** 0.234*** 0.131 0.018
(0.086) (0.081) (0.087) (0.014)

Observations 1,030 1,030 1,030 1,030
R-squared 0.064 0.023 0.046 0.029

(5) (6) (7) (8)
Current smoker Current heavy drinker Financial risk aversion Detached from labor force

Unemp. rate 0.059 -0.005 0.151** 0.021*
(0.045) (0.028) (0.064) (0.011)

Observations 1,030 1,030 1,030 1,030
R-squared 0.066 0.035 0.052 0.052

(9) (10)
Occupational prestige Locus of control

Unemp. rate -3.337 0.013
(2.888) (0.096)

Observations 1,030 1,015
R-squared 0.040 0.020

Notes: Estimation of Equation (2) for a sample composed of the parents of the 521 (sons) + 509 (daughters) = 1,030

children in the main estimating sample. Outcomes are the average value of the given variable for the two parents measured

while (i) parents are less than 60 years of age and (ii) the child is less that 15 years of age. The details on the construction

of the outcomes are documented in Section 2. Note that the number of observations for locus of control is less because this

outcome is not asked yearly and, unlike all the other outcomes in the table, we do not require it to be part of our main

estimating sample. Standard errors clustered at the maternal state of labor market entry × cohort level. *** p<0.01, **

p<0.05, * p<0.1.
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significant, Column (9) suggests that, if employed, the prestige of their occupation is

lower. We do not find effects on parent’s locus-of-control (Column (10)). Appendix

Table A12 replicates the analysis only employing the parents of daughters, who are our

focus of interest since it is only for them for whom we found an impact on mental health

in Table 2. The results hold.

Importantly, we show that the effects described above are not specific to the parents of

daughters. In Appendix Table A13, we replicate the analysis for the parents of the sample

of sons. As expected, we find similar effects as for the daughters’ sample. Moreover, in

Appendix Table A14, we replicate the analysis for all the individuals born between 1964

and 1985, regardless of whether they eventually have children or not. The results reinforce

the presence of negative effects on household income and mental health. Moreover, these

results provide additional support to our discussion in Section 2.4 that our sample is

likely representative of the overall population of parents born in the appropriate cohorts.

Therefore, the effects we find are not necessarily specific to the sample of parents we

consider.

4.2 Mediation Analysis

How much do the effects of labor market entry conditions on parental mid-life outcomes

help to explain the poorer mental health of their daughters’ that we document? In

Appendix Table A15, we start in Column (1) with our preferred estimate of the impact

of parental labor market entry conditions on daughters’ mental health (i.e., the one in

Column (4) of Table 2), and then additionally control in Column (2) for the mediators

studied in Section 4.1. The estimate falls from 0.410 to 0.265 which suggests that the

parental mid-life outcomes we study explain about 35% of the intergenerational effect we

had documented.

We follow Gelbach (2016) to apportion the explained fraction of our estimated effect

to the individual mechanisms we consider. This decomposition exercise begins with our

main estimate of the effect of parental labor market entry conditions on child outcomes,

estimated using Equation (1), which we call the “short” regression. Correspondingly,
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we call this estimate βshort for exposition. We then consider a model, which we call the

“long” regression, where we augment the regression with the mediators we consider; that

is,

yi = αlong + βlong × URp(i) + γlong
c(p(i)) + λlong

s(p(i)) +
K∑
k=1

δkmk
p(i) + νi, (3)

where mk corresponds to the kth mediator of which there are K in total. The difference

βshort − βlong is the part of the estimated treatment effect that can be explained by the

mediators we consider. Gelbach (2016) proposes a way to allocate parts of this explained

difference to each of the mechanisms using omitted variable bias formulas. Informally, the

contribution of a specific mechanism to explain the treatment effect is the product of two

quantities: (i) the effect of labor market entry conditions on the mechanism, estimated

in the previous subsection using Equation (2) and reported in Appendix Table A12; and

(ii) the partial effect of the mechanism on the outcome, δk, estimated in Equation (3) and

reported in Appendix Table A15. The latter component highlights that the contribution

of one mediator to explaining the intergenerational effects of labor market entry conditions

focuses on the contribution beyond that explained by the other mediators considered.

In other words, if a mediator does not have a direct marginal effect on the outcome

conditional on all the other mediators we consider, that mediator does not contribute to

explaining the intergenerational effects we find.

The results of this mediation analysis are reported in Table 8.16 Parental mental

health seems to be the variable that explains most of the effect of parental labor market

entry conditions on child mental health. In particular, it can explain about 22% of the

intergenerational effect. This is due to the combination of the sizable effects that we find

for (i) parental labor market entry conditions on parental mental health, and (ii) parental

health on child mental health conditional on other possible mediators such as parental

income or risky behavior. Parental death is the second best candidate to explain the

effect of parental labor market entry conditions on child mental health, explaining 13%

of our estimated effect, although the estimated contribution is not statistically significant.

16This analysis does not include locus of control as a potential mediator because it is elicited with less frequency so it
would reduce our sample size. We report the results when including it in Appendix Table A16.
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Table 8: Mediation analysis: Breakdown of relative importance of channels in worsened
daughters’ mental health

(1) (2) (3)
Coefficient/
Contribution Standard Error % of short

Short regression 0.410*** 0.154 100
Long regression 0.265** 0.129 65

Parental outcome:
Bad mental health 0.089* 0.052 22
Bad physical health -0.000 0.003 0
Death 0.055 0.067 13
Smoking 0.015 0.019 4
Heavy drinking -0.001 0.004 0
Income -0.015 0.015 −4
Willingness financial risk with cash 0.019 0.023 5
Unemployment spells & out of labor market 0.021 0.022 5
Occupational prestige -0.037 0.030 -9

Total Explained (βshort − βlong) 0.145 0.096 35

Notes: Sample composed by the subsample of (509) daughters. Gelbach (2016) decomposition of the role of the various

mechanisms for explaining the gap in daughter’s mental health by parental labor market entry conditions. “Total Explained”

represents the difference in the estimate of the variable “parental unemp. rate” between the full and the base models (the

base model corresponds to the fourth column for females in Table 2). Standard errors reported in Column (2) are clustered

at the maternal state of labor market entry × cohort level. Column (3) reports the fraction of the intergenerational effects

that can be explained by each mediator. The sum of the percentages for the long regression and those for each of the

mediators may not add up to 100 due to rounding. Similarly, the sum of individual contributions of the mediators may

not sum to the total explained part. *** p<0.01, ** p<0.05, * p<0.1
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Limitations of the mediation analysis. The Gelbach (2016) decomposition analysis

may not necessarily be causal for two reasons. First, the Gelbach (2016) framework is

agnostic about the causal direction of the variables contemplated as mediators. We

therefore rely on timing to make sure that the mediators we include are causal. In

particular, the mediating variables are constructed using only parental outcomes before

the child turns 15, which is the earliest we measure our child outcomes. As such, the

outcomes we claim as mediators clearly happen before the outcomes we are measuring,

which reinforces them as plausible mediators. Second, the proper attribution of the

explained portion to the various dimensions requires that we are able to observe all

relevant mediators. That is, we may be concerned that the contributions we estimate

capture the effects through mediators that we do not include but are correlated with the

included ones. Possible mediators that are a threat to our exercise are those that satisfy

three conditions: (i) are correlated with the mediators in our analysis, (ii) are affected

by labor market entry conditions, and (iii) have a direct effect on explaining child mental

health above and beyond the mediators we already consider. As mentioned, we have

limited the possible threats by considering the outcomes that have been identified in

the literature that are affected by labor market entry conditions (von Wachter, 2020).

Coincidentally, they are also the variables that have been considered in the literature

that affect child mental health. While we think this assuages the concern that there are

additional relevant omitted variables, we acknowledge that we cannot completely ignore

this concern.17

4.3 Discussion: Implications for the Intergenerational Correla-

tion of Mental Health

In the previous subsection, we find that parental mental health is an important mediator

to explain the effect of parental labor market entry conditions on the mental health of

their daughters. As mentioned, this is mediated by the effects of parental mental health

17In Appendix Table A16, we consider an extension that adds locus of control as an additional mediator. There are
less observations in this exercise as this information is collected intermittently in the survey. The key takeaways remain
unchanged after this inclusion, providing further reassurance of the robustness of our results.
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on child mental health. This naturally connects with the intergenerational correlation of

mental health, which we explore in this section.

Figure 4: Intergenerational correlations of bad mental health

(a) Parents and sons
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(b) Parents and daughters
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Notes: Binned scatter plots of the relationship between the average parental mental health up to the child being 15 (first

residualized for business cycle and age profile, and then standardized) and the mental health of the child in his/her 15–20

(after following a similar treatment as for the parents). The underlying correlation coefficient is shown in the upper-left

corner of the graphs. In Appendix Figure A2, we report the partial correlations of child mental health with the two parents

individually.

A growing literature has estimated a strong and significant intergenerational corre-

lation of mental health in various settings using both administrative and survey data

(e.g., McLaughlin et al., 2012; Johnston et al., 2013; Bencsik et al., 2023; Zhou et al.,

2023; Bütikofer et al., 2023). In Figure 4, we show that the average mental health of

both parents and the mental health of their children are also correlated in our sample.

Our estimated correlations are around 0.30. In Appendix Figure A2, we report partial

correlations that measure the correlation of one parent and their child, netting out the

mental health of the other parent. Overall, we do not find substantive differences in the

correlation of children’s mental health with that of their mothers or fathers.

While we have begun to better measure the intergenerational correlation of mental

health, there is scarce evidence on the causal mechanisms that underpin this correlation

(Mazumder, 2024). Our results show that labor market entry conditions of parents may

explain part of the intergenerational correlations in mental health. We believe this has

two important implications for our understanding of the intergenerational correlation
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of mental health. First, intergenerational transmission of mental health is not purely

explained by genetics or nature alone, and that nurture and the environment also play a

key role. Moreover, we stress the importance of accounting for potential heterogeneity in

treatment effects, especially along gender. These conclusions echo similar points made by

Lundborg and Majlesi (2018) and Athanasiadis et al. (2022) for physical health. Second,

our results suggest that there is scope for labor market policies to improve mental health

outcomes. In particular, our findings suggest that by developing policies and programs

that alleviate or protect against the adverse effects of bad labor market entry conditions,

we might improve mental health outcomes for future generations.

5 Conclusion

Understanding the long-term determinants of mental health is a crucial yet less under-

stood question. In this paper, we leverage geographical and time series variation in

unemployment rates at ages 18–22 among a representative sample of Australians to show

that poor labor market entry conditions have a negative impact on the mental health of

their yet-to-be-born daughters. This result is robust to the use of alternative measures

of mental health and specifications. Moreover, we find that daughters of parents who

enter in worse labor market entry conditions have lower levels of satisfaction with own

health and overall life situation. Sons outcomes are not affected, which strengthens the

existing results in the literature that females’ mental health is more easily influenced by

their environment (Giulietti et al., 2022; Fawaz and Lee, 2022). The absence of effects in

sons is unlikely because of a lack of power as our point estimates are at least an order of

magnitude less than those of daughters and are very close to zero.

The richness of our data and the long time series available allow us to explore which

of the dimensions previously documented to be affected by labor market entry conditions

may plausibly drive the novel intergenerational impacts that we document. We find clear

support that poorer parental mental health is an important contributor, and that aspects

such as lower household income are unlikely to drive the results.
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Our results therefore highlight that the negative impacts of bad labor entry conditions

go beyond persistent adverse effects in the outcomes of the directly affected cohorts (von

Wachter, 2020). We find that the effects of unfavorable labor market entry conditions

spillover to the next generation, their offsprings. This is consistent with the literature on

human capital formation where the circumstances that children grow up in have effects

on their long-run outcomes.

Our findings may be useful for academics and policy makers alike. We contribute

novel evidence on the long-term determinants of mental health, not only for the individ-

uals who directly experienced variation in our treatment but also for their children, even

if they were not yet born nor conceived. This complements the growing and influential

literature that has emphasized in-utero and early-life events as key drivers of adult out-

comes. In this paper, we take one step back and track how a particularly meaningful

and plausibly exogenous situation, parental labor market entry conditions, ends up in-

fluencing in-utero and early-life situations and, as a consequence, early adult outcomes

of the next generation. Moreover, while there is some work documenting the presence of

intergenerational correlations in mental health, we provide one of the first causal roots

rationalizing its presence and showing that it cannot be solely driven by genetics. These

results support the importance of social safety net programs such the European Mental

Health Action Plan to insure individuals from the mental consequences of poor labor

market conditions. Our analyses further suggest that particular care should be taken

with the mental health of women.
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A Appendix: Additional Tables and Figures

Table A1: Sample size by selection criteria

(1) (2) (3)
All Females Males

Panel (a): Children sample
Initial sample (age 15 to 20) 9,202 4,627 4,575
Both parents available in HILDA 5,193 2,549 2,644
Parents born in 1964 or after 1,259 627 632
Available information on child’s satisfaction 1,257 625 632
Available information on parental mediators 1,030 509 521

(1) (2) (3)
All Females Males

Panel (b): Family formation sample
Initial sample 23,362 11,645 11,717
Born in 1964 or after 22,294 11,112 11,182
Observed at complete fertility 1,666 889 777
Available information on childbearing 1,558 841 717

(1) (2) (3)
All Females Males

Panel (c): Representativeness comparison sample
Initial sample 23,362 11,645 11,717
Born in 1964 or after 22,294 11,112 11,182
Have a child 9,075 5,006 4,069
Child potentially observed at ages 15–20 4,588 2,651 1,937

Notes: The table documents the changes in the sample size available when each of our sample selection criteria is applied.

Panel (a) refers to the creation of the sample for the outcomes of the children, i.e., the sample in Tables 2, 3, 4, 5, and

8. Note that, as explained in the text, we define children as individuals aged between 15 and 20. Available information

on child’s satisfaction refers to the availability of the outcome variables in Table 3. Available information on parental

mediators refers to the availability of the outcome variables in Table 7 except locus of control. Panel (b) refers to the

creation of the sample for the exploration of family formation patterns for the individuals observed at complete fertility

(age 50), i.e., the sample in Table 6. Panel (c) refers to the creation of the sample used to explore the representativeness

of the parental sample in Table 7, as described in Section 2.4.
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Table A3: Summary statistics (parental sample)

Sons Daughters

Mean Standard Count Mean Standard Count
deviation deviation

Panel (a): Father, felt in the last four weeks...
Unhappy 0.164 0.237 521 0.188 0.242 509
Nervous 0.056 0.142 521 0.069 0.169 509
Down 0.068 0.145 521 0.069 0.138 509
Anxious 0.291 0.297 521 0.335 0.317 509
Hard to cheer up 0.043 0.103 521 0.045 0.116 509
Average bad mental 0.034 0.103 521 0.033 0.094 509

Panel (b): Mother, felt in the last four weeks...
Unhappy 0.188 0.241 521 0.206 0.260 509
Nervous 0.088 0.182 521 0.094 0.194 509
Down 0.098 0.169 521 0.101 0.166 509
Anxious 0.376 0.314 521 0.397 0.323 509
Hard to cheer up 0.065 0.144 521 0.063 0.137 509
Average bad mental 0.052 0.125 521 0.050 0.131 509

Panel (c): Father, low satisfaction with life aspects
Home you live in 0.158 0.216 521 0.130 0.193 509
Employment opportunities 0.227 0.265 521 0.139 0.223 509
Financial situation 0.305 0.313 521 0.289 0.299 509
Safety 0.084 0.170 521 0.051 0.131 509
Feeling part of community 0.215 0.264 521 0.253 0.292 509
Your health 0.123 0.226 521 0.126 0.218 509
Your neighborhood 0.088 0.173 521 0.086 0.166 509
Amount of free time 0.484 0.314 521 0.452 0.316 509
Life as a whole 0.055 0.129 521 0.068 0.153 509

Panel (d): Mother, low satisfaction with life aspects
Home you live in 0.041 0.139 521 0.149 0.203 509
Employment opportunities 0.133 0.224 521 0.221 0.263 509
Financial situation 0.290 0.340 521 0.309 0.293 509
Safety 0.023 0.107 521 0.080 0.160 509
Feeling part of community 0.235 0.334 521 0.198 0.252 509
Your health 0.052 0.156 521 0.128 0.222 509
Your neighborhood 0.081 0.192 521 0.082 0.159 509
Amount of free time 0.149 0.249 521 0.481 0.310 509
Life as a whole 0.018 0.085 521 0.045 0.112 509

Notes: Descriptive statistics of the fathers and mothers of the children in the main analysis. Panels (a) and (b) report

measures of mental health of fathers and mothers, respectively. Panels (c) and (d) report measures of satisfaction with

life aspects of fathers and mothers, respectively. The first block of columns reports statistics of the parents of sons. The

second block of columns reports statistics of the parents of daughters.
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Table A4: Intergenerational spillovers on mental health of labor market entry conditions:
Robustness to clustering at the at the paternal state at graduation × cohort level

Outcome: Bad mental health (z-score)
(1) (2) (3) (4)

Panel (a): Sons only

Father’s unemp. rate -0.063 -0.069
(0.085) (0.088)

Mother’s unemp. rate 0.003 0.023
(0.098) (0.103)

Parental unemp. rate -0.047
(0.114)

Observations 521 521 521 521
R-squared 0.060 0.059 0.060 0.059

Panel (b): Daughters only

Father’s unemp. rate 0.183* 0.107
(0.108) (0.125)

Mother’s unemp. rate 0.320** 0.296**
(0.125) (0.140)

Parental unemp. rate 0.410***
(0.121)

Observations 509 509 509 509
R-squared 0.026 0.038 0.039 0.037

Notes: Replication of Table 2 with standard errors clustered at the paternal state of labor market entry × cohort level.

*** p<0.01, ** p<0.05, * p<0.1.
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Table A5: Intergenerational spillovers on mental health of labor market entry conditions
(pooled sample)

Outcome: Bad mental health (z-score)
(1) (2) (3) (4)

Father’s unemp. rate 0.056 0.014
(0.081) (0.085)

Mother’s unemp. rate 0.158** 0.154*
(0.075) (0.080)

Parental unemp. rate 0.171*
(0.090)

Observations 1,030 1,030 1,030 1,030
R-squared 0.091 0.095 0.095 0.094

Notes: Regressions replicate those in Table 2 for the pooled sample of sons and daughters. Standard errors clustered at

the maternal state of labor market entry × cohort level. *** p<0.01, ** p<0.05, * p<0.1.

Table A6: Effects on other aspects of child well-being: Robustness to clustering at the at
the paternal state at graduation × cohort level

(1) (2) (3) (4) (5) (6) (7) (8)
Low satisfaction with... Home Financial Safety Community Health Neighborhood Free time Life

. situation

Panel (a): Sons only

Father’s unemp. rate -0.016 -0.033 -0.030*** 0.019 -0.004 -0.017 -0.048 -0.018**
(0.013) (0.037) (0.011) (0.028) (0.017) (0.023) (0.029) (0.008)

Mother’s unemp. rate 0.004 -0.032 0.006 -0.007 -0.001 -0.005 0.023 0.027**
(0.016) (0.038) (0.014) (0.035) (0.021) (0.024) (0.028) (0.011)

Observations 521 521 521 521 521 521 521 521
R-squared 0.055 0.063 0.056 0.072 0.080 0.076 0.020 0.100

Parental unemp. rate -0.015 -0.041 -0.029*** 0.017 -0.005 -0.018 -0.041 -0.010
(0.012) (0.034) (0.010) (0.026) (0.016) (0.022) (0.029) (0.007)

Observations 521 521 521 521 521 521 521 521
R-squared 0.054 0.061 0.056 0.072 0.080 0.076 0.019 0.087

Panel (b): Daughters only

Father’s unemp. rate -0.000 0.050 -0.015 0.005 0.027 0.016 0.028 -0.013
(0.016) (0.041) (0.014) (0.046) (0.026) (0.027) (0.024) (0.015)

Mother’s unemp. rate 0.051** 0.059 0.031** 0.040 0.077** 0.006 0.007 0.046**
(0.022) (0.043) (0.015) (0.045) (0.033) (0.022) (0.039) (0.020)

Observations 509 509 509 509 509 509 509 509
R-squared 0.085 0.052 0.053 0.031 0.046 0.052 0.037 0.052

Parental unemp. rate 0.053** 0.110** 0.018 0.046 0.106*** 0.021 0.034 0.036
(0.023) (0.047) (0.017) (0.053) (0.032) (0.025) (0.040) (0.022)

Observations 509 509 509 509 509 509 509 509
R-squared 0.078 0.052 0.044 0.031 0.043 0.052 0.037 0.041

Notes: Replication of Table 3 with standard errors clustered at the paternal state of labor market entry × cohort level.

*** p<0.01, ** p<0.05, * p<0.1.
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Table A7: Effects on other aspects of child well-being (pooled)

(1) (2) (3) (4) (5) (6) (7) (8)
Low satisfaction with... Home Financial Safety Community Health Neighborhood Free time Life

. situation

Father’s unemp. rate -0.013 0.003 -0.024*** 0.007 0.006 -0.002 -0.015 -0.017*
(0.010) (0.029) (0.008) (0.024) (0.017) (0.019) (0.024) (0.009)

Mother’s unemp. rate 0.028** 0.018 0.019** 0.017 0.043*** 0.002 0.016 0.036***
(0.011) (0.030) (0.008) (0.027) (0.016) (0.017) (0.022) (0.009)

Observations 1,030 1,030 1,030 1,030 1,030 1,030 1,030 1,030
R-squared 0.046 0.033 0.038 0.036 0.032 0.053 0.012 0.042

Parental unemp. rate -0.005 0.008 -0.019** 0.012 0.018 -0.001 -0.011 -0.007
(0.010) (0.027) (0.008) (0.022) (0.016) (0.019) (0.023) (0.009)

Observations 1,030 1,030 1,030 1,030 1,030 1,030 1,030 1,030
R-squared 0.040 0.033 0.034 0.035 0.025 0.053 0.012 0.028

Notes: Regressions replicate those in Table 2 for the pooled sample of sons and daughters. Standard errors clustered at

the maternal state of labor market entry × cohort level. *** p<0.01, ** p<0.05, * p<0.1.

Table A8: Effects on mental health indicators of the child (pooled sample)

(1) (2) (3) (4) (5)
Felt Felt Felt Felt Cannot

unhappy nervous down anxious cheer up

Parental unemp. rate 0.109*** 0.022 0.034 0.026 0.049*
(0.031) (0.041) (0.034) (0.046) (0.029)

Observations 1,030 1,030 1,030 1,030 1,030
R-squared 0.045 0.046 0.079 0.058 0.070

Notes: Regressions replicate those in Table 4 for the pooled sample of sons and daughters. Standard errors clustered at

the maternal state of labor market entry × cohort level. *** p<0.01, ** p<0.05, * p<0.1.
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Table A9: Effects on mental health indicators of the child: inclusion of each parent’s
unemployment rate separately

(1) (2) (3) (4) (5)
Felt Felt Felt Felt Cannot

unhappy nervous down anxious cheer up

Panel (a): Sons only

Father’s unemp. rate 0.006 -0.026 -0.032 0.015 -0.044
(0.042) (0.053) (0.034) (0.043) (0.029)

Mother’s unemp. rate 0.034 -0.024 0.023 -0.026 0.038
(0.048) (0.040) (0.041) (0.061) (0.036)

Observations 521 521 521 521 521
R-squared 0.039 0.051 0.053 0.031 0.077

Panel (b): Daughters only

Father’s unemp. rate 0.057 0.089** -0.005 0.052 0.021
(0.038) (0.039) (0.049) (0.046) (0.043)

Mother’s unemp. rate 0.122*** 0.006 0.077* 0.021 0.086**
(0.039) (0.049) (0.040) (0.037) (0.035)

Observations 509 509 509 509 509
R-squared 0.057 0.021 0.036 0.052 0.059

Notes: Extension of Table 4 where we introduce each parent’s unemployment rate separately. *** p<0.01, ** p<0.05, *

p<0.1.
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Table A10: Robustness to alternative measures of labor market entry conditions (pooled
sample)

(1) (2) (3) (4) (5)
Outcome: Bad mental health

State-specific parental unemp. rate 0.132**
(0.066)

Raw parental unemp. rate 0.060*
(0.033)

(0.066)
Detrended national-level parental unemp. rate 0.165*

(0.096)
Parental unemp. rate 0.166 0.337

(0.103) (0.356)

Observations 1,030 1,030 1,030 871 1,030
R-squared 0.094 0.093 0.093 0.101 0.125

Notes: Regressions replicate those in Table 5 for the pooled sample of sons and daughters. Standard errors clustered at

the maternal state of labor market entry × cohort level. *** p<0.01, ** p<0.05, * p<0.1.

Table A11: Kessler–10: Robustness

(1) (2)
Outcome: Kessler–10 (z-score) Sons Daughters

Father’s unemp. rate -0.072 0.216*
(0.087) (0.128)

Mother’s unemp. rate 0.036 0.185
(0.105) (0.127)

Observations 508 495
R-squared 0.060 0.054

Parental unemp. rate -0.037 0.400**
(0.100) (0.165)

Observations 508 495
R-squared 0.059 0.054

Notes: Panel (a) replicates Column (3) of Table 2 for the residualized Kessler–10 measure of mental health. Sample

size decreases because the Kessler–10 measures are only available bienially and beginning from 2007. Panel (b) proceeds

similarly for Column (4) of Table 2. Standard errors clustered at the maternal state of labor market entry × cohort level.

*** p<0.01, ** p<0.05, * p<0.1.
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Table A12: Mediation: Impacts on parental outcomes (daughters only)

(1) (2) (3) (4)
Log household income Bad mental health Bad physical health Ever dies

Unemp. rate -0.200** 0.222* 0.034 0.038*
(0.085) (0.122) (0.103) (0.022)

Observations 509 509 509 509
R-squared 0.060 0.027 0.072 0.055

(5) (6) (7) (8)
Current smoker Current heavy drinker Financial risk aversion Detached from labor force

Unemp. rate 0.078 -0.018 0.141 0.019
(0.058) (0.033) (0.098) (0.016)

Observations 509 509 509 509
R-squared 0.063 0.036 0.048 0.046

(9) (10)
Occupational prestige Locus of control

Unemp. rate -5.543 0.018
(3.428) (0.134)

Observations 509 501
R-squared 0.047 0.028

Notes: Replication of Table 7 focusing exclusively on the parents of the subsample of daughters, which is the only one

for which we have detected a statistically-significant impact of parental labor market entry conditions on mental health.

Standard errors clustered at the maternal state of labor market entry × cohort level. *** p<0.01, ** p<0.05, * p<0.1.
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Table A13: Mediation: Impacts on parental outcomes (sons only)

(1) (2) (3) (4)
Log household income Bad mental health Bad physical health Ever dies

Unemp. rate -0.202 0.240** 0.223* -0.002
(0.123) (0.120) (0.115) (0.011)

Observations 521 521 521 521
R-squared 0.079 0.037 0.060 0.052

(5) (6) (7) (8)
Current smoker Current heavy drinker Financial risk aversion Detached from labor force

Unemp. rate 0.046 0.011 0.165** 0.024*
(0.048) (0.037) (0.076) (0.013)

Observations 521 521 521 521
R-squared 0.097 0.052 0.075 0.092

(9) (10)
Occupational prestige Locus of control

Unemp. rate -2.358 -0.003
(3.360) (0.136)

Observations 521 514
R-squared 0.061 0.027

Notes: Replication of Table 7 focusing exclusively on the parents of the subsample of sons, which is the only one for which

we have detected a statistically-significant impact of parental labor market entry conditions on mental health. Standard

errors clustered at the maternal state of labor market entry × cohort level. *** p<0.01, ** p<0.05, * p<0.1.
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Table A14: Impacts on all individuals born between 1964 and 1985

(1) (2) (3) (4)
Log household income Bad mental health Bad physical health Ever dies

Unemp. rate -0.040* 0.110*** -0.068** -0.003
(0.021) (0.032) (0.033) (0.003)

Observations 10,447 10,447 10,419 10,447
R-squared 0.023 0.003 0.004 0.003

(5) (6) (7) (8)
Current smoker Current heavy drinker Financial risk aversion Detached from labor force

Unemp. rate 0.007 -0.009 0.051* 0.003
(0.013) (0.010) (0.028) (0.007)

Observations 10,215 10,215 8,576 10,447
R-squared 0.010 0.004 0.014 0.006

(9) (10)
Occupational prestige Locus of control

Unemp. rate -0.743 0.031
(0.862) (0.031)

Observations 10,256 8,754
R-squared 0.022 0.004

Notes: Replication of Table 7 for the full sample of individuals born between 1964 and 1985, regardless of whether they

eventually had children or not. Standard errors clustered at the state of labor market entry × cohort level. *** p<0.01,

** p<0.05, * p<0.1.
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Table A15: Coefficients from the “short” and “long” regressions (daughters only)

(1) (2)
Regression... Short Long

Parental unemp. rate 0.410*** (0.154) 0.265** (0.129)
Bad mental health 0.399*** (0.083)
Bad physical health -0.000 (0.084)
Death 1.466 (0.125)
Smoking 0.192 (0.162)
Heavy drinking 0.067 (0.238)
Income 0.074 (0.072)
Willingness financial risk with cash 0.046 (0.108)
Indicator no cash 0.277 (0.266)
Unemployment spells & out of labor market 1.075** (0.578)
Occupational prestige 0.007 (0.003)

Notes: Column (1) replicates Table 2’s Column (4), i.e., provides the “short” coefficient of interest and its standard error

in parenthesis. Column (2) reports the relevant coefficients from Equation (3), namely βlong and δk for each of the eight

main mediators. Standard errors clustered at the maternal state of labor market entry × cohort level. *** p<0.01, **

p<0.05, * p<0.1

Table A16: Mediation analysis: Robustness to the inclusion of locus of control as potential
mediator

(1) (2) (3)
Coefficient Standard Error % of short

Short regression 0.362** 0.157 100
Long regression 0.200 0.132 55

Parental outcome:
Bad mental health 0.095* 0.053 26
Bad physical health 0.005 0.012 1
Death 0.056 0.067 15
Smoking 0.014 0.018 4
Heavy drinking -0.001 0.006 0
Income -0.017 0.019 −5
Willingness financial risk with cash 0.016 0.022 4
Unemployment spells & out of labor market 0.038 0.026 10
Occupational prestige -0.043 0.031 -12
Locus of control 0.000 0.004 0

Total Explained (βshort − βlong) 0.162 0.100 45

Notes: Replication of Table 8 with the inclusion of locus of control as well as with information on the occupational prestige

of the parents while employed and the proportion of time where parents where observed to be (1) unemployed and (2) out

of the labor market as potential mediators. This decreases the sample size to 501 and changes the reported coefficient from

the “short” regression relative to that in Table 8. Standard errors clustered at the maternal state of labor market entry ×

cohort level. *** p<0.01, ** p<0.05, * p<0.1
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Figure A1: Unemployment rates upon labor market entry, by state and cohort (raw)
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Notes: Unemployment rate at labor market entry refers to average state-level unemployment rate when the cohort is aged

18–22.

A13



Figure A2: Intergenerational partial correlations of bad mental health

(a) Fathers and daughters
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(b) Mothers and daughters
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(c) Fathers and sons
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(d) Mothers and sons
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Notes: Similar exercise to Figure 4 looking at the partial correlation between the mental health of a given parent and that

of the child (after netting out the other parent’s mental health).
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