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Abstract

Mental and physical health are persistent and highly correlated, yet existing literature focuses
on one dimension or combines them into a single measure, overlooking their dynamic rela-
tionship. This paper endogenizes both mental and physical health, exploring how these health
dynamics influence schooling and occupational choices for young men. Using data from the
Household Income and Labour Dynamics in Australia (HILDA), we first document the life-
cycle patterns of mental and physical health and examine the two-way interactions between
health and decision-making processes, leveraging life shock events as instruments. We then
build a discrete choice dynamic programming model with unobserved heterogeneity allow-
ing correlation between health and income. Our estimates and counterfactual exercises show
that mental health plays a central role in shaping earnings, utility, and long-run outcomes. It
contributes more to utility and drives greater inequality to present discounted income than
physical health. By jointly modeling both dimensions, we are able to isolate their distinct
effects on occupational sorting and income dynamics.
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1 Introduction

Since Grossman (1972)’s seminal work, health has been recognized as a crucial component of
human capital, shaping outcomes across the life cycle—from childhood,! adolescence,? to adult-
hood.? In particular, past research has documented positive relationships between either mental
or physical health and educational and labor market outcomes.* Despite these potential distinct
effects, the literature often treats health as a single dimension or focuses on one aspect. However,
mental and physical health may evolve differently and may have interacting effects on behavior
and outcomes across the life cycle.

In this paper, we explore how the dynamics of mental and physical health influence schooling
and employment decisions (and vice versa), and, ultimately, the early career trajectories of young
men. We develop a dynamic discrete choice model of schooling, employment, and earnings with
endogenous mental and physical health and unobserved heterogeneity. The framework allows us
to assess the importance of different pathways through which mental and physical health impact
human capital accumulation, productivity, and pay: (1) Permanent health differences may be
correlated with permanent productivity differences (De Nardi, Pashchenko, and Porapakkarm,
2025); (2) Negative health shocks may reduce labor force participation, impacting human capital
accumulation over the life-cycle; (3) Health shocks may directly impact worker productivity; (4)
Labor market shocks may impact mental and physical well-being, exacerbating the long-term
impacts of losing a job or experiencing a reduction in pay. We estimate the impact of each of

these mechanisms, separately assessing the impacts of mental and physical health.

In our model, agents are risk-averse and make decisions on consumption, schooling, and em-
ployment under uncertainty regarding their future health status, life shock events, income, and
preferences. We model future mental and physical health as functions of current health, life
shocks, demographics, employment, and income, which in turn influence agents” utility and in-
come. Given the interdependent and persistent nature of health, including life shocks is crucial
because they may have immediate adverse effects and potentially disrupt individuals” optimal

long-term paths, thereby influencing their choices and income.

We use rich panel data from the Household Income and Labour Dynamics in Australia (HILDA)
survey to estimate the model. The database includes multiple measures of mental and physical
health, which we use to define health-state spaces over time. To address the endogeneity bias
from reverse causality between employment and health, we exploit real-life shocks (e.g., the death
of a friend or relative, serious illness of a relative, victimization from physical violence, and prop-

erty crime) as instruments and show that current health and employment choices significantly

1See e.g., Currie and Stabile (2006); Fletcher and Wolfe (2008).

2Gee e.g., Fergusson and Woodward (2002); Fletcher (2008, 2010, 2013).

3Gee e.g., French (2005); French and Jones (2011); De Nardi, French, and Jones (2010); De Nardi, Pashchenko, and
Porapakkarm (2025).

4Some include Ettner et al. (1997); Cornaglia et al. (2015); Rodwell et al. (2018); Lenhart (2019).



affect future health outcomes.

We estimate the model in two stages. In the first stage, we jointly estimate the working income
process, initial mental and physical health, as well as mental and physical health transitions,
allowing for unobserved heterogeneity in health and income types across individuals. This ap-
proach enables us to account for selection into employment and individual-specific differences
that may otherwise bias the estimated income processes. In the second stage, we use the first
stage estimates to internally recover the utility parameters.

Our structural estimates indicate that individuals are risk-averse and derive non-pecuniary ben-
efits from schooling and employment, compared to remaining unemployed. Moreover, we cap-
ture higher occupational persistence in schooling and not working more than in working. Health
plays a central role in shaping utility, with substantial heterogeneity across dimensions and oc-
cupations. Mental health, in particular, has a much stronger effect on utility than physical health,
even conditional on occupation, with the largest gap observed among non-working individu-
als. This pattern points to a potential vicious cycle in which poor mental health lowers utility
from all occupations, especially unemployment, further discouraging labor market participation
or schooling. By jointly modeling mental and physical health, we are able to disentangle their
distinct roles and show that mental health is a key driver of utility and occupational choice across

the life cycle.

With our estimated model, we conduct three main counterfactual analyses. First, we examine
the effect of unobserved latent types and health status on present discounted income. We find
large differences between the high-income and good-health type, who earn more than twice as
much as those in the low-income and poor-health type. This shows how unobserved health and
income types correlated together shape long-run earnings. Second, we compare the percentage
differences in present discounted income and show that mental health increases inequality more
than physical health—about 3% higher on average. These differences are larger in the bottom
income percentiles, where poor mental health leads to steeper income losses. Lastly, we study
the effect of unemployment on health and find that job loss has large and persistent negative
effects, especially on mental health. A job loss at age 30 causes a sharp drop in mental health
with a slower recovery compared to physical health. Overall, these exercises highlight the two-
way interactions between health and labor market outcomes and provide a direct comparison

between mental and physical health in shaping inequality and life-cycle trajectories.

Our paper primarily contributes to two main literature in health and structural labor. First, we
further explore the impact of health on schooling and labor market outcomes. Cornaglia et al.
(2015) and Rodwell et al. (2018) document a link between poor mental health and increased
dropout rates and 'not in education, employment, or training’ (NEET) status. Similarly, poor
mental health is linked to lower employment probabilities, reduced earnings, and fewer work
hours (Kessler and Frank, 1997; Frank and Gertler, 1991; Kouzis and Eaton, 1994; Hamilton et al.,
1997; Wang, Frank, and Glied, 2023; Biasi, Dahl, and Moser, 2021), and adverse labor market



outcomes can negatively affect mental well-being (Linn et al., 1985; Alexandre and French, 2001;
Friedland and Price, 2003; McKee-Ryan et al., 2005; Paul and Moser, 2009; Peng, Meyerhoefer, and
Zuvekas, 2013). Among studies that explore the joint impact of mental and physical health on
labor market outcomes, researchers have identified a significant interdependence (Ettner, 2000;
Ohrnberger et al., 2017). For instance, Lundborg, Nilsson, and Rooth (2014) find a strong rela-
tionship between health at age 18 and adult earnings, where mental health has greater effects
than physical health. Haan and Myck (2009) examine labor market risks with unobserved het-
erogeneity and find that the probability of joblessness increases with poor health and vice versa.
We extend the literature and are the first to incorporate both mental and physical health states

as endogenous factors within a life-cycle structural framework.

We also add to the rich literature using an instrumental variables approach to address endogene-
ity bias of health. For instance, Ettner et al. (1997) use childhood and family psychiatric disorders
and Chatterji et al. (2007) use parental psychological illness to control for selection and find neg-
ative associations with labor force participation and conditional income. Using HILDA, Frijters
et al. (2014) use the death of a close friend to control for mental health shocks and show that
one standard deviation decline in mental health reduces employment by 30 percentage points.
Similar to their study, we use life shock events as sudden health shocks, which can lead to sub-
stantial and lasting declines in earnings due to increased health costs and decreased productivity
(Lenhart, 2019).

Second, our paper contributes to the literature on dynamic structural models related to health.
Based on an elderly population, French (2005); French and Jones (2011); De Nardi, French, and
Jones (2010) examine the effect of health on retirement decisions in a life-cycle model setting, and
Jacobs and Piyapromdee (2016) study the reverse retirement behavior. De Nardi, Pashchenko,
and Porapakkarm (2025) explore the correlation between health types and fixed characteristics
such as patience and their long-term consequences on earnings and welfare. In the context of
Germany, Mahler and Yum (2023) quantify the socioeconomic-health gradient with endogenous
health status. Based on the working-age population, Capatina, Keane, and Maruyama (2018)
differentiate physical health shocks into multi-dimensions (e.g. permanent vs transitional, pre-
dictable vs unpredictable) and examine the effects on employment choice and human capital
formation. Papageorge (2016) and Jolivet and Postel-Vinay (2024) look at the two-way interaction
between work and health, where the former model medical treatment decisions and the latter

model in a job search model with frictions.

Close to our paper are Hosseini, Kopecky, and Zhao (2021); Capatina and Keane (2023); De Nardj,
Pashchenko, and Porapakkarm (2025), which emphasize the importance of health dynamics and
income inequality in shaping life-cycle outcomes. Our study differs in two key aspects. First,
we focus on the early career and the role of health in shaping initial occupational choices and
human capital accumulation. Second, we abstract from modeling health insurance explicitly, as

our interest lies in the formative stages of labor market entry and health transitions. Moreover,



these studies focus on the U.S. context, where health insurance access is fragmented. Our study
focuses on Australia, where universal health coverage weakens the insurance margin. The closest
paper is Cozzi, Mantovan, and Sauer (2024), which shows that mental health exerts a stronger
influence than physical health on career and family choices. Their focus, however, is on female
labor supply and marriage decisions, while our analysis centers on the broader labor market

dynamics and health transitions of young men.

The remainder of the paper is structured as follows. Section 2 describes the data and descriptive
analysis. Sections 3 and 4 present the model and the maximum likelihood estimator, and Section
5 shows the model estimates. Section 6 presents counterfactual exercises, and Section 7 concludes

by discussing the next steps.

2 Data and Background

In this section, we introduce the dataset used in the analysis, the Household, Income, and Labour
Dynamics in Australia (HILDA), and highlight three key empirical patterns. First, we show that
both mental and physical health are highly persistent: the probability of remaining in poor
health, conditional on being in poor health, increases substantially over the life-cycle, while
the probability of remaining in good health declines slightly with age. Second, using event
study analyses, we demonstrate that life-shock events lead to transitory but significant short-term
declines in health. Lastly, we examine the two-way relationship between health and occupational

choices, highlighting the persistent negative effects associated with not working.

2.1 HILDA

Household, Income and Labour Dynamics in Australia (HILDA) is a nationally representative
annual household-based panel survey of around 17,000 Australians since 2001. We use rich data
on labor market characteristics, demographics, health measures, and life shock events, which
are measured annually. Life shock events, which are key to our analysis, are asked since 2002,
hence, our sample starts from 2002 and covers around 20 years. We focus on men after high
school graduation from age 18 or less than 3 years of working experience up to age 41. After the
data cleaning process, we have 2,294 men and 16,725 individual-year observations. Appendix A
describes in detail the construction of variables and the final dataset.

Figure 1 provides an overview of choices in our sample: schooling, working, and not working.
At age 18, around 40% of individuals are attending college which decreases steadily until age 25.
The majority of our sample is employed,® while the share of non-working individuals is initially
high at younger ages but stabilizes at around 10% from the mid-20s through age 41.

5The working population includes both paid and self-employed workers.
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Figure 1: Occupation Choice by Age

For the health measures, we use scores derived from the 36-item Short-Form (SF-36) survey,
which was first developed by Ware Jr and Sherbourne (1992) from the Medical Outcomes Survey
and is widely used to evaluate health related quality. SF-36 can be categorized into eight main
scales: physical functioning (PF), role physical (RP), bodily pain (BP), general health (GH), vital-
ity (VT), social functioning (SF), role emotional (RE), and mental health (MH). We further divide
into mental and physical health component.®

For mental health, we use the Mental Health Inventory (MHI-5) and is commonly used in the
medical and psychology literature (Berwick et al., 1991; Rumpf, 2001; Cuijpers et al., 2009; Bech
et al., 2001). Some papers using HILDA have used this measure to examine mental health and
employment status (Crowe and Butterworth, 2016), social support (Milner et al., 2016), and job
loss (Bubonya et al., 2017). MHI-5 is composed of five questions: How much of the time during
the past 4 weeks, 1) Have you been a nervous person?, 2) Have you felt so down in the dumps that
nothing could cheer you up?, 3) Have you felt calm and peaceful?, 4) Have you felt down?, and 5) Have
you been a happy person? For each question, respondents answer from a scale of 1 (All of the time)
to 6 (None of the time). For consistency, we re-scale the score from 0 to 100 and reverse code if
necessary such that a higher score implies better mental health. For the cutoff, we follow Kelly
and al. (2008) and set the cutoff point to 60 out of 100 and create a binary mental health status:
good (higher than 60) and poor (60 or lower).”

®Tt is recommended in the epidemiology and public health literature to not construct a single measure of health-
related quality (Lins and Carvalho, 2016).

7We use a cutoff of 60 for the MHI-5. Thorsen et al. (2013) identify 52, 60, 68, and 86 as candidate thresholds, and
explicitly apply 60 to distinguish individuals at risk of long-term sickness absence. Kelly and al. (2008) assess the
performance of various MHI-5 cutpoints using ROC curve criteria and show that 60 minimizes misclassification when
compared to the GHQ-12, balancing sensitivity and specificity. Other papers use different cutoffs, e.g. Hoeymans



For physical health, we use the SF-36 physical health component which consist of physical func-
tioning, role physical, bodily pain, and general health. Instead of using a single measure, we take
the average of the four scales. For the cutoff, we plot the density function and set it to that yields
the same distribution - 80 or higher for good and poor, otherwise.® Since both health measures
do not have official cutoffs, we support the validity of the health measures in Appendix C.

In Table A.4, we present summary statistics by occupation. In our sample, 79% of individuals
report having good mental health and 78% having good physical health. Health outcomes vary
systematically across occupations: those enrolled in college exhibit the highest rates of both good
mental and physical health, followed by those who are employed. In contrast, individuals who
are not working report the lowest levels of both mental and physical health. Examining by
health status, we observe similar trends in that not working are more likely to experience poor
mental and physical health. Among working individuals, the differences in health status are less
pronounced; however, there is a clear disparity in annual income based on health status. Those
with good mental health earn the highest on average, followed by those with good physical
health.

To identify exogenous variation in health, we use life-shock events that are plausibly exogenous
to individual health trajectories. The HILDA survey asks annually whether respondents expe-
rienced any significant life shock events in the last 12 months. These questions cover personal
events such as marriage, pregnancy, loss of job, and death of spouse, as well as external events
such as death of friend or relative, and worsening of financial situations. Among them, we use
five specific questions: experiencing a death of friend, serious illness of relative, and death of
relative, and being victim of property and physical violence. We use these events to show ex-
ogenous variation in our health measures, which directly affect both mental and physical health
and indirectly affect individual schooling occupational choices and income. In Appendix D, we
further prove the reasoning and validity of our instruments for mental and physical health.

2.2 Health Persistence

Figure 2 shows the distribution of the fraction of periods individuals spend in good mental
and physical health. There is notable mass at 1, where 42.94% of individuals are always in
good mental health, and 37.69% are always in good physical health; however, to better highlight

variation across individuals, we show those who are not continuously in good health.

Conditional on not being always healthy, we observe substantial heterogeneity in both mental

et al. (2004) set as 72, Crowe and Butterworth (2016) set as 50, Biiltmann et al. (2006), Holmes (1998) set as 52, Cuijpers
et al. (2009) set 54 and 74. However, the cutoff by Kelly and al. (2008) seems most adequate for our study since the
authors also use longitudinal data.

8 Although there is no consensus for the physical health cutoff, we follow this method for both mental and physical
health since our mental health cutoff is cross-validated by the medical and psychology literature. Similarly, Jolivet
and Postel-Vinay (2024) use SF-12 (a shorter version of SF-36) and construct their health measures using the health
score distribution and discretize into four states.



and physical health. The distributions are right-skewed, indicating that many individuals spend
the majority of periods in good health. However, there is a non-negligible mass at the lower
end—particularly in mental health—where some individuals are never in good health. We also
see a spread in the middle consisting of individuals who are in good health roughly half of the

time.

3

2
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Fraction
2

Fraction

4 .6 4 6
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(a) Good Mental Health (b) Good Physical Health

Figure 2: Fraction of Periods in Good Health

Note: For each individual in the sample, we compute the proportion of periods spent in good mental and physical
health and plot the distributions. 42.94% of individuals are always in good mental health and 37.69% are always in
good physical health.

To understand the health dynamics over age, we analyze the probabilities of maintaining or
transitioning between states of good and bad mental and physical health in subsequent periods,
conditional on current health status. The left panel of Figure 3 shows the probability of main-
taining good health given current good health. The average probability is around 80% for mental
health and 75% for physical health, indicating a marginally higher persistence in good mental
health compared to physical health. The right panel shows the probability of experiencing bad
health next period conditional on current bad health. The likelihood increases by age and is
more pronounced for physical health. Unlike the probability of maintaining good health, there is
a steeper and more consistent decline in physical health relative to mental health as individuals
age.

Overall, we illustrate that both mental and physical health move in the same direction, even in
similar magnitudes, suggesting that health status is both interdependent and persistent. Individ-
uals who are currently in good health are more likely to remain so in the near future, while those

in poor health are more likely to continue experiencing poor health.

2.3 Short-Term Impacts of Exogenous Life-Shock Events

Leveraging life shock events as instruments, we conduct event-study analyses to examine the

short-run impacts of negative life events on health and labor market outcomes. We follow the

8
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Figure 3: Health Persistence

specification proposed by Sun and Abraham (2021), estimating the following regression:’
-5 6
ygf=a+Zﬁk~zgk+Zﬁk~zgk+th"+yt+egt (1)
k=Ty k=0

where .+ denotes the outcome variables - good mental health, good physical health, and unem-
ployment status - for individual g in year ¢, and zg is a set of event-time indicators capturing
years relative to the life shock. The controls X; include age and education, and y; denotes year
tixed effects. Standard errors are clustered at the individual level. This setup allows us to trace
the dynamic response of health around the timing of the life shock and isolate the immediate
and persistent effects on both health dimensions.

Figure 4 shows that life shock events have a clear and immediate negative impact on both mental
and physical health, especially in the short run. We observe a sharp decline in the probability of
being in good health right after experiencing a life shock event, followed by a gradual recovery
over the next one to three years. The decline is steeper and more persistent for mental health,
which shows a slower return towards baseline health. It is interesting to note that health does
not fully return to pre-shock levels. These patterns highlight the short-term disruption caused
by life shocks. However, because the event-study framework focuses only on the first occurrence
of a shock, it may underestimate the potential longer-term effects on health outcomes. We also
observe a rise in unemployment following life shocks, although the effect fades quickly. This
suggests short-term disruptions in labor market attachment, which may have potential longer-
run implications for individuals with poor health. We provide additional robustness checks and

In our dataset, some individuals never experienced any life shock events, whereas some experienced several
times in different data periods; therefore, we follow the specification of Sun and Abraham (2021) to allow staggered
treatments. For this exercise, we take the earliest year the individuals experienced the health shock, e.g. If one
experienced a death of friend in 2008 at age 29, we take 2008 as the treatment year. Although the division between
treatment and control group lacks granularity, we attempt to show that experiencing negative life events affect current
health and health in the following periods.
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Figure 4: Event Study Analysis of Life Shocks

Note: The event includes whether or not the individual experienced at least one of the following life shocks: death of
friend, victim of property crime, victim of physical violence, death of relative, serious illness of relative. The outcome
corresponds to good mental and physical health.
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validation exercises in Appendix D.

2.4 Two-Way Relationship Between Health and Occupation

In Table 1, we present the movement between occupations based on mental and physical health.
In general, not working individuals with good mental or physical health are much more likely
to enter employment in the subsequent period, of around 50% compared to 28-29% for those in
poor health. Schooling is highly persistent regardless of health, but transitions from schooling
to work are slightly more common among those in good health. Overall, the results suggest that
both health dimensions are important factors of entering the labor force.

Table 1: Transition Matrix by Health Status

Time t +1

Poor MH Schooling Working Not Working
Time ¢ Schooling 71.95 19.11 8.94
Working 0.00 91.69 8.31
Not Working 0.00 27.93 72.07

Good MH Schooling Working Not Working
Time ¢ Schooling 77.13 19.20 3.68
Working 0.00 96.97 3.03
Not Working 0.00 51.54 48.46

Poor PH Schooling Working Not Working
Time t Schooling 68.49 22.60 8.90
Working 0.00 92.93 7.07
Not Working 0.00 28.01 71.99

Good PH Schooling Working Not Working
Time ¢ Schooling 77.18 18.62 4.20
Working 0.00 96.61 3.39
Not Working 0.00 50.20 49.80

Note: Matrix input i, j represents the proportion of people in each occupation
sector in row i who transitioned into occupation sector j from ft to t + 1 condi-
tioning on health status.

For delve into the two-way interaction, we first examine the effect of occupation choice on men-
tal and physical health. Table 2 shows the probability of having good health controlling for
current health, occupation, income, and other demographic characteristics such as age and ed-
ucation. The linear probability model results indicate a significant positive correlation between
current and future good health, affirming the persistence of health trends illustrated in Figure 3.
Compared to not working, active engagement in the labor market or attending school appears
to enhance overall health, particularly notable in cases where school attendance coincides with
good physical health. After controlling for the life shock events as instruments, health persistence
is more pronounced. The results imply that these exogenous life shocks have a pronounced and

adverse impact on health, thereby influencing occupational choices.

11



Table 2: The Effect of Education and Occupation Changes on Health

Good MH;,1 Good PH; 44

OLS OLS
1) 2)
Variables at time ¢
Health
Good MH 0.330"
(0.013)
Good PH 0.334**
(0.013)
Life Shocks -0.0156* -0.0288***
(0.007) (0.007)
Education 0.00440** 0.00847***
(0.002) (0.002)
Age -0.00331 -0.00700
(0.006) (0.006)
Age2 /100 -0.00204 -0.000846
(0.011) (0.012)
Occupation (ref: Not Working)
Schooling 0.0799** 0.0981**
(0.015) (0.015)
Working 0.0605"** 0.0723**
(0.015) (0.015)
Annual Income 0.554** 0.570***
(0.135) (0.136)
_cons 0477 0.500***
(0.076) (0.080)
Ind 2,165 2,165
Observations 14431 14431

Note: Life shock events include death of friend, victim of property crime, victim of physical vio-
lence, death of relative, and serious illness of relative. Standard errors are in parentheses. Annual
income is measured in 1,000 AUD (deflated for 2015).

12



Next, we explore the effect of health on occupational choice and weekly income in Table 3. Con-
trolling for health and current occupation, the likelihood of remaining in the same occupation
is high, with a lower probability of transitioning to a different occupation. In terms of health,
good health status significantly increases the likelihood of attending school and working. Look-
ing at the effect of health in the intensive margin, both good mental and physical health are
significantly associated with higher weekly income. Conditional on education and experience,
individuals reporting good mental health earn approximately 714 AUD/week more, and those
with good physical health earn about 540 AUD/week more.

Table 3: The Effect of Health on Education and Occupation Choice and Income

Schoolingy1  Working;;;  Not Working; ;1  Weekly Income

OLS OLS OLS OLS
@ &) ®) ©)
Variables at time ¢
Health
Good MH 0.0174 0.0375"* 0.00181 0.0714*
(0.022) (0.007) (0.006) (0.015)
Good PH 0.0431" 0.0232" -0.00354 0.0540™*
(0.024) (0.007) (0.005) (0.015)
Occupation (ref: Not Working)
Schooling -0.279"* -0.0250"*
(0.018) (0.008)
Working 0.446™ 0.0348™*
(0.018) (0.007)
Education 0.0964"
(0.003)
Experience 0.0118™* 0.128"
(0.002) (0.004)
Experience? /100 -0.0561*** -0.375"
(0.012) (0.028)
_cons 0.883* 0.422"* 0.0365" -0.631°
(0.028) (0.020) (0.007) (0.044)
Ind 751 2,165 2,165 1,941
Observations 2508 14431 14431 12307

Note: Standard errors are in parentheses. We include age dummies for Column (1).

3 Dynamic Discrete Choice Model With Unobserved Heterogeneity

To study the dynamic health effects, we develop a dynamic discrete choice model with occupa-
tional choice and unobserved heterogeneity. The general structure follows Keane and Wolpin
(1997) and we include mental and physical health as endogenous states, which are affected by
previous health, occupation, and life shock events, income, and other demographic characteris-
tics. We allow for unobserved heterogeneity in both income and health, and importantly, we let
these unobserved components be correlated. Having two latent types and allowing them to be
correlated is key to capturing individuals with low income but different health statuses, and vice

versa.

13



Agents are assumed risk-averse and make choices on consumption and occupation based on
their mental and physical health, education, experience, and preferences associated with each
alternative. They face several forms of uncertainty: from mental and physical health, life shock
events, and income. The model period t € {1,..,T} is annual, starting at age 18 to 49, and
agents make choices by maximizing their discounted future flow utility. At age 49, we assume
agents remain in the same occupation sector until retirement age 65.1 We assume that choices

are age-dependent by restricting schooling option up to age 25.!!

3.1 Choices and Flow Utility

Choices. We model unobserved heterogeneity along two dimensions: income and health. Each
individual belongs to a latent type denoted by k = (ky, ky), where ky € {1,2} captures income
heterogeneity and ky € {1,2} captures health heterogeneity. This structure yields four latent
types: [low income, poor health], [low income, good health], [high income, poor health], and
[high income, good health]. We allow income heterogeneity to affect income and health types
to influence both initial mental and physical health as well as their transitions over time. We
capture the health correlations through factor loadings pj,ini+ for initial health and pj, for health
dynamics across periods.

In each period t, individuals of latent type k face a set of mutually exclusive choices m € M
where m can take values between attending school (m = 1), working (m = 2), and not working
(m = 3). We denote d;" € {0,1} as the indicator variable which equals 1 when alternative m is
chosen and 0 otherwise.

State Variables. At the beginning of the model period, at age a; = 18, agents have initial endow-
ments consisting of years of schooling ¢ = 12, experience x1 € {0,1}, mental health mh;, and
physical health ph1.12 We denote this as the initial endowments e1 = [g1, x1, mhy, phi]. In the
subsequent periods, agents are characterized by a vector of initial endowments, observed state
variables, and random preference shocks. The observed state vector s{ consists of years of school-

ing g, experience x;, mental health mh;, and physical health ph; such that sf = [gt, x¢, mhy, phy].

m

The random shocks come from uncertainty in preferences, ¢/, mental and physical health,

Vit h € {mh,ph}, life shock events, 7, and income shocks, ;.

Utility. In each period, the agent chooses occupation (d}", m € {1,2,3}) and consumption (C;") in

10The assumption is based on data availability; since we start with individuals at age 18 or with less than three
years of labor market experience and we use HILDA from 2001 to 2021, the full labor market history we observe of an
individual is until age 41 and we exploit all information for our estimation. The continuation value upon retirement
is normalized to zero.

' This assumption captures the fact that only 0.4% of individuals choose to attend college or graduate school after
the age of 25. For details and reasoning, see Appendix F.

12We define that the individual has one year of experience if we observe her working at the initial period. This
aligns with the survey timing and our definition of employment status and income. See Appendix A.
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order to maximize their discounted expected utility:

T=65

E[ Y B, A+ FTEVea(sra)] ?

t=1

where the within-period utility function is given by:

2 3
Uy, dfy =+ )" |6 + o lmi = 11+ @ llphe = 11| -+ )" @raldy, = d']
m=1 m=1
+ AU, = d)-A[mhy = 1]+ O[3, = d] - U[phy = 1]+ &" 3)

Llage + Y M [eraduate] if m=1
—exp(—uCy") if m=2,3
where agents face alternative-specific preference shocks, &; € {e}, etz, ef’ } ~ T1EV, independent

across alternatives, periods, and individuals.

The flow utility has four main components. First, we assume that agents are risk averse, where
p € [0,00) denotes the constant absolute risk aversion. Utility from schooling is not modeled
through consumption but instead depends on age and school attendance status.'®> Second, we
estimate the occupation-specific costs relative to not working, captured by ¢{',m € {1,2}. For
instance, ¢ includes costs such as college or graduate school tuition and ¢7 captures the fixed
costs associated to working.

The third component includes the alternative-specific utility benefits of good mental and physical
health, denoted by ¢} and ¢}, m € {1,2,3}. In particular, we allow the utility derived from
health to vary by occupation choice because individuals typically exhibit different health status
across occupations. This approach allows us to capture the strong correlation between not work-
ing and poor health. Moreover, the value of leisure is embedded in the utility both through the
tixed costs and health costs. For instance, agents who choose schooling face tuition but accumu-
late human capital through higher education, potentially leading to higher earnings potentials
and better health outcomes. Similarly, agents who choose to work gain work experience and
higher income, which can mitigate the negative impact of health costs. On the other hand, those
who do not work do not pay the fixed costs but may face lower income and higher health costs,

which increases the disutility associated with not working.

Lastly, we add switching costs parameters ¢7', m € {1,2,3} that allows us to capture occupational
persistence. Individuals receive a utility gain when they remain in the same occupation as in
the previous period, which reflects both the value of continuity and the frictions associated

with changing occupations. Since unemployment is generally associated with poorer health, we

13The HILDA survey includes information on government allowances, such as the Youth and Austudy allowances,
which provide support to individuals engaged in full-time study, apprenticeships, or job-seeking activities. Following
Todd and Zhang (2020), we abstract from these transfers in our modeling.
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include health-associated utility terms (p;’ and ql)i to reflect the idea that those in good mental
and physical health are more likely to exit unemployment.

3.2 Budget Constraint and Income Process

We assume no borrowing and saving, so consumption is determined by the following budget
constraint:'4
cr=y" (4)

where Y/ represents annual income associated with each alternative. Annual income is com-

puted by multiplying weekly income " with the inelastic labor supply @™:!°

/" =a" xy" if m € {2,3} 5)

Weekly Income. Each period, individuals face income uncertainty from a stochastic component
Etz iid N(O, aéz). For workers, weekly income includes wages or salaries, net business income, and
dividends. The income process follows a Mincerian specification (Mincer, 1958) and controls for
mental and physical health to capture the direct health costs on earnings. We account for income

dependencies by introducing the unobserved type through the constant a)gY:
y" = w{y + Y g+ Py + Py ()2 /100 + ) A[mhy = 1]+ ¢ L[phy = 1]+ &, k € {1,2}  (6)

For not working individuals, weekly income only depends on age. Since a fraction of them

receive a positive amount, weekly income depends on the probability pg such that:!®

g = l,bg + gb?at + xpg(at)z/lOO + 5? with prob pg’, )
t 0 with prob 1 - pg

3.3 Law of Motion

Schooling and Experience. We specify the law of motion of education and occupation-specific

experience which evolve in a deterministic way:

Qi+1 = gt +d} (8)
Xpe1 = Xp +d? )

14The transfer made to the next period is captured through human capital accumulation including health.

15We follow this specification similar to Hamilton, Hincapié, and Salari (2024) because we do not model working
hours and weekly income is the best measure for income per unit. For more details, see Appendix A.

16Tn our data, around 43% of not working individuals receive parent transfer or positive government allowances
such as NewStart and Youth Allowances. For more details, see Appendix A
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Years of schooling increases by one unit when agent decides to attend college (12 < g; < 16) or

graduate school (g; > 17). Experience also increases by one unit when the agent works.

Life Shock Events. Based from our empirical findings, we use real life shock events as instru-
ments to capture exogenous variation in health status. We capture the events through indicator
variables, z; € {0,1}, which takes value 1 if the individual experienced any of the five life shock
events (e.g. death of friend, victim of physical violence, victim of property crime, death of rel-
ative, and serious illness of relative) and 0 otherwise. We assume that individuals face shocks
N ~ T1EV and the probability p(z;) is a function of age such that:

exp(do + 61a; + 62(ar)?/100)

P(z.) =
1) = e p (60 % B1a1 + Da(an)/100)

(10)

Mental and Physical Health For mental and physical health, we assume that true health h;, h €
{mh,ph} is observed. mh; and ph; are self-assessed mental and physical health scores between
[0,100] derived from MHI-5 and SF-36 physical component and we discretize into good (h; = 1)
and bad (h; = 0) following cutoffs c,,;, = 60 and ¢y, = 80 derived from data:!”

e = W[hs + Ty > ci (11)

The transitional probability of moving from health state i at period ¢ to health state i’ at period
t +1 is denoted by:

(@) selk) = p(hea = 1'|hy = 1,d)" 50, ki), h € {mh,ph} (12)

where nzot + 7'(;'11 , =1,Vi,Vt,h € {mh,ph}. Health at period ¢ + 1 is determined by current health,
age, educ/ation, ,life shock events, occupation, income, and i.i.d shocks v, s ~ TIEV. Note that for
initial mental and physical health, we specify a functional form and for the subsequent periods,
we follow the transitional probabilities given by:

exp [Ah]

V@l sk, zp) = —————,

7-(h,t+l

2
where Ay =pp- a)kHH +apiht + apozi + ap3ge + Apaar + ah,5(at)2/100 + Z a;zn,é -dy (13)

m=1

3
+any YY" dl +ansar-d},  ky € {1,2}, 1 € {mh,ph}

m=2

From the health transition probabilities, we aim to capture four main components. First is health

persistence. Since our health measures are binary, we capture the likelihood of remaining in the

1710 Section Appendix C and Appendix C, we describe in further detail on how we define the cutoffs and the levels
of good and bad mental and physical health.
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same mental and physical health state (all else equal) when aj; is positive. Although health
might be affected by life shocks, the persistence component allows us to control for individual
resilience to these events. Second is the effect of the life shock events through aj,. From our em-
pirical analysis, we showed that these exogenous events are statistically significant and negatively
associated on current mental and physical health, thereby affecting next period health.

The third component is the reverse causality between health and occupation, motivated from the
two-fold relationship. Reduced-form estimates indicate that poor mental and physical health are
linked to exiting the labor force the following period. Conversely, not working is associated with
deteriorating health, even after accounting for current health, life shocks, and other external fac-
tors. Schooling and employment are positively correlated with good health, particularly mental
health, and this relationship is further strengthened by the income generated from employment.
Hence, we incorporate a mechanism where current occupation choice and income influence next
period health, which subsequently affects occupation choice. Since we do not model schooling
income, we add the interaction between age and schooling dummy to capture the “income effect”
from schooling.

Lastly, we incorporate unobserved heterogeneity through the type constants a)IIjH and the factor
loadings pj. This allows the transitory effects of latent types to shape the evolution of health. We

further distinguish between the permanent and transitory effects allowing the factor loadings for

H
kn

duces individual-specific persistence in both mental and physical health transitions, generating

initial mental and physical health. The interaction between w;' and the factor loadings intro-
correlation across outcomes and over time that is not captured by observed characteristics. For

identification, we normalize the factor loading for mental health to be 1.

3.4 Information Structure

Individual heterogeneity comes from i) unobserved latent types k € (ky, ky), ii) ex ante endow-
ments and iii) ex post shocks [&;, v, 1, &¢]. The preference shocks &;, health shocks v;, and life
event shocks 7; follow Type 1 Extreme Value distribution and income shocks &; follow i.i.d.
normal distribution.

For identification purposes, we set the timing as follows: At the beginning of each period ¢, indi-
viduals observe preference shocks ¢}, then choose alternative m that yields the maximum utility.
If individuals choose not to work, they face the probability of receiving positive government al-
lowance, pz. Then, income shocks &}, m € {2,3} are realized. At the end of the current period,
life shock events 1; and health shocks are realized vy ¢, h € {mh,ph}, which determine the health
transitions Tc;l; +1(ht, d",s¢lkn), h € {mh,ph}. Given this assumption, we assume that there is no

uncertainty in the current utility when choices are made.
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- nh,t+1/h € {mh/ Ph}

Figure 5: Model Timeline

3.5 Optimization Problem

In each period, agents maximize the expected present value of lifetime utility given current state

conditional on unobserved type k, denoted by the value function:

Vt(stlk) = nzﬂ,x EétEﬂtEVh,tu(C;n’ d;n/stlk) + 6E<§:+1E7]t+1 Evh,r+1]E€r+l Vt+1(st+1|k)
t

Q(C dr" 54 k) (14)
st. C/'=Y/"

where U(C}",d}",s¢|k) = lj[(C;”,d:”,stlk) +¢/" and 6 is the discount factor. More specifically,

Q(Ct, ", st|k) = ]ngQ(C;”, di",st|k), then we can write current utility and continuation value as:
Q(C, d}",s¢) = U(C], d}",s¢)

1 1
#0-p(a) 3 D |t (e silze = 1) (b silz = 1) BViaa(sian)| -
i'=0 j'=0

1 1
w0 (L=p)- ) " |mlh Onhysilze = 0)- 7l (phi,silk, ze = 0)- EVisa(si)|
i’=0 j’=0

Given that the preference shocks follow a Type 1 Extreme Value distribution, we can derive the

probabilities of choosing alternative m as:

exp(Q(CI, ", 5,|k)) /o) 6
3 exp(Q(Cl, dr,s|k) /o)

m=1 t77t

p(d;n = 1|Sf,k) =

where Q(C",d}") = f)(Ct’”, di")) + ¢}". Following Rust (1987), the expected value function can be
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written as

3
E[Visa(ste)lsi, k] = Eemax ) [Q(Cm,df”,stlk) + e;“]

e 17)
= aglog( exp(Q(Ct ’:f ’st|k))) +oey

m=1

where o, is the standard deviation the preference shocks, common across all alternatives, and y

is the Euler constant.

For each type, we solve the model using backward induction beginning at the terminal period
T. In the last period, agents do not have expected value function, hence, the value function
is simply utility after integrating over the income shock distribution. This corresponds to the
expected value function of the previous period, E[V (st |k)|sT-1,d}_;], which allows us to identify
the choices in the state space. Following the same process, we use E[V(sr|k)|sT-1,d] ] for
l:lt(Ctm,dtm) to obtain E[V(s?_, |k)|sT—2,d]' ,]. We repeat until we reach the initial period and
backward recursion allows us to obtain all the expected value functions at each possible state.

We describe in more detail with the age specification in Appendix F.

4 Identification and Estimation

4.1 Identification

This section describes the identification strategy for the model parameters, leveraging variation
in the data. The risk aversion parameter u in the flow utility function is identified through ob-
served variation in consumption patterns. For instance, periods of high income volatility lead
individuals to varying levels of consumption risk, which allows us to estimate u. Variation in
occupational choices identifies the relative utility costs associated with schooling and working
relative to not working, captured by the parameters ¢}',m € {1,2}. The health-related param-
eters, ¢Z11,¢hm2,m € {1,2,3}, are identified through differences in mental and physical health
outcomes across occupational choices, with the health costs of not working normalized to zero,
providing a reference point. Lastly, the switching costs, ¢5',m € {1,2,3} are identified from
observed persistence or switching of occupations, holding other determinants of utility constant.
Condition on not working, we can also identify ¢3, ¢] through variations in good mental and
physical health status.

For the income equation parameters, individuals experiencing poor mental and physical health
provide additional variation that identifies the health-related parameters for workers, specifically
[t,bil, gb%a]. Furthermore, variation in individual characteristics such as age, education, and expe-

rience, as well as observed occupational choices, contributes to the identification of the remaining
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income parameters.

Parameters governing life shocks are identified through variation in the data, and these probabil-
ities are treated as exogenous. The health transition probabilities are identified through variation
in age, life shocks, occupation, income, and health status. The dynamic structure of the model
ensures that the current health status is identified based on these variables and their interactions

over time.

Unobserved heterogeneity is captured through type-specific constants: two income types ky €
{1,2} and two health types ky € {1,2}. The resulting correlations across outcomes are governed
by factor loadings: pjnit for initial mental and physical health (with € {mh,ph}), and pj
for health dynamics over time. For identification, we normalize the factor loading on mental
health transitions to one. Identification relies on the finite mixture structure of the model, which
recovers the type probabilities based on observed variation in health and labor market behavior.
We allow income and health types to be correlated through the joint type probabilities p* =
p(ky, ki). This correlation structure is identified as long as health affects income differently

across types and income variation cannot be fully accounted for by observables alone.

4.2 Maximum Likelihood Estimation

Since we observe the initial endowments of all agents in the data, we can express the estimation
in a maximum likelihood function. The maximum likelihood estimator involves maximizing
the joint probability of the observed occurrences. Agent n € {1,..., N} of type k at each period
t € {t1,...,T} chooses alternative m conditional on her current state and type. The MLE consists
of various probabilities: i) type probability, p*, ii) probability of observing initial mental and
physical health, iii) probability of observing choices, p(d}" = 1|s;, k), iv) probability of observing
income f(ytm |ky), v) health transition probabilities nzlt’ 1 (Bt stlkn), h € {mh,ph}, vi) probability
of life shock events P(z;), and vii) probability of observing choice and income in the last period.

Denote the vector ® to include all model parameters. The likelihood function of individual n
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conditional on type k is written as:

1 1
Lu(@k) = | [ plnhy, = il = [ [ p(phe, = jlyPhon =)

i=0 j=0
T,-1 3 _
[ [|P@ =1lsi, k) Flyily)
=1 m=1
1 1 ,
. P(ZT)ﬂ[Zn,-r:ﬂ_ [ l_l ni;llhﬂ-_‘_l(mh”(/stlk/ z = 1)ﬂ[Tth,T+1:l] . 1—[ RZ£,T+1(phTrst|k/ zp = 1)]l[ph,”+1:q ]]
=0 g'=0

1

1 1[d
(1= P(z)) =0, [ [ [ caaOme, el ze = O)Htrtness=0 | il (phe, sk, 20 = o)“PhWFq’]] H

I'=0 q'=0
3 B 1[ar,. =1lk]
TP =tisn,-0, k) ﬂy;ﬂkﬂ}
m=1
(18)
where the probability of observing income is defined as:
3_13 3 3
Yi = Yy\tlvi>0l Iy;=01
It pg-qb( O3 )] '[1_@] ifm =3
Frten =4 5 o (19)
g?)( t t) if m=2
Og2

where ;" is the mean of the deterministic component of the wage equation and ¢(-) is the pdf
of a standard normal distribution.

The first line shows the probability of being in observed in good or bad mental and physical
health in the initial period (a1). Lines 2 to 4 show the observed choices in the subsequent periods
up to period T,,. We multiply the probability of choosing each alternative m given state s; by the
life shock probabilities and health transition probabilities. Lastly, line 5 shows the the probability
of the last observed choice, which is similar to the initial condition setting.

For each individual likelihood, we sum over the types:
4
£:(©) =) pLu(®lk) (20)
k=1
where p* € [0,1] is the probability of observing type k with the functional form:

P exp ()\'6 + /\’1‘f61 + /\sz]l[fel = missing] + /\’gmm + /\Z]l[mq = missing] + A’giwl)

= (21)
Z?:l exp ()\g + /\{fel +AY1[fer; = missing] + /\gmel + /\fi]l[mel = missing] + )\éiwl)
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We model type probabilities as a function of early-life family background, including parental
education and initial family wealth. We use indicators for whether the father (fe;) and mother
(me1) completed high school, based on survey responses collected when individuals were 14
years old. These variables proxy initial conditions, given robust evidence linking higher parental
education to better child health outcomes.!® To address missing parental education data, we in-
clude missing indicators in the model to maximize the sample. In addition, we incorporate initial
wealth (iw1) to capture the influence of family resources on long-term health. Since initial wealth
is heavily right-skewed, we use its inverse hyperbolic sine transformation.!” This specification
allows latent types to reflect systematic differences in family background, enabling us to capture

selection into income-health types.

Finally, the likelihood for the entire sample is:

N
£©)=] [ £Lu© (22)

n=1

Initial Conditions. To determine the probability of mental and physical health in the first pe-
riod, we set the initial conditions based on health type and age. We can write the initial health
transitional probabilities as:

h
1+exp [Ah] (23)

where A" = ph,inita}kHH +wp1lla; > 18], kuy €{1,2},h € {mh,ph}

P(hy, = 1lkp) =

Given the lasting impact of initial health on behavior and outcomes, it is essential to account for
persistent unobserved differences across individuals. We incorporate unobserved heterogeneity
by including health-type-specific constants and allow initial mental and physical health to be
correlated through factor loadings py,init, for h € {mh,ph}. These parameters capture the joint
structure of initial health, allowing us to model the early-life dynamics of mental and physical
health more flexibly.?’ This structure enables us to separate persistent health traits from transi-
tory fluctuations, with the latter captured by the health transition equations.

5 Parameter Estimates and Health Dynamics

This section describes the model results and use the estimates to evaluate the model fit and
simulate occupation choices and health dynamics over time. We provide more details on the

18gee, for example, Kestild et al. (2006); Lindeboom, Llena-Nozal, and van Der Klaauw (2009); Chou et al. (2010);
Ross and Mirowsky (2011); Aslam and Kingdon (2012).

19For details on variable construction, see Appendix Appendix A.

20 As shown in Appendix Appendix C, mental and physical health are strongly correlated at baseline, with a corre-
lation of approximately 0.45.

23



model algorithm in Appendix F.

The estimation proceeds in two stages. In the first stage, we jointly estimate the type probabilities,
factor loadings, income process, initial health, and health transitions. This step enables us to
account for unobserved heterogeneity and estimate the income processes, initial mental and
physical health, and type probabilities. Additionally, we estimate, outside the model, the income
processes for not working individuals and the probability of life shocks. In the second stage,
conditional on the parameters estimated in the first stage, we estimate the utility parameters

using the structural model.

5.1 First Stage Estimates
5.1.1 Joint Estimation

To jointly estimate the type probability, factor loadings, income processes, initial health, and
health transitions, we estimate the following likelihood. This is feasible because the other com-
ponents entering the individual type-specific likelihood are not type-dependent, and thus can be
integrated out over types. As a result, we can focus on the type-dependent parts while treating
the rest as common across types, simplifying the computation of the likelihood.

1 1
Lu(©K) = [ | Plmhy, = ilke) "= [ | pphe, = jlkig) =)

i=0 j=0

T,-1 . 1 1 , _

T TIF @) - | [y an (e, il e =0 T T (ol sl WPPeen=a] | F (it [ky)
=1 I’=0 q’=0

(24)

Initial Health. Table 4 presents the type constants, probabilities, and the initial health param-
eters. For interpretation, we can label income type 1 as “"low income” and income type 2 as
“high income.” Similarly, health type 1 corresponds to “poor health” and health type 2 to “good
health.”

The probabilities of latent group types vary systematically with family characteristics. Higher
parental education is associated with a lower likelihood of being in the poor health type. Simi-
larly, greater family wealth is positively correlated with better health and increases the likelihood
of belonging to the high income type. The factor loadings py init, h € {mh,ph} capture the cor-
relation between the latent factor and initial health conditions. The loading for mental health is
larger than that for physical health, indicating that the latent factor is more strongly associated
with variation in initial mental health than in physical health. This also reflects the structure of
unobserved heterogeneity in health such that mental health discrepancies are more pronounced
and better explained by the latent type. Since health plays a key role in human capital accumu-
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Table 4: First-stage Parameter Estimates: Type and Initial Health

Types
Estimate SE Estimate
ky = -0.569  0.039 pky=1 ,ky=1) 0315
ky =2 0.389 0.043 p(ky =1 ,ky=2) 0.504
ky =1 0.208 0.077 plky =2 ,kg=1) 0.062
ky=2 2.289 0113 p(ky =2 ,kg=2) 0.119
plky =1, plky =1, plky =2,
ky=1) ky =2) ky=1)
Estimate @ SE  Estimate SE Estimate SE
Constant 1.357 0.180 1.455 0.193 0.023 0.300
Father’s educ -0.347  0.184  -0.323 0.181 -0.589 0.299
Missing father’s educ 03499 0315 -0.110 0322 -0.697 0.586
Mother’s educ -0.181  0.200 0.095 0.197  -0.186 0.333
Missing mother’s educ ~ 0.296  0.386  0.342 0.387  0.869 0.594
Initial wealth -0.074  0.063 0.072 0.062 -0.134 0.102
Initial MH Initial PH
Estimate SE  Estimate SE
Factor loading 1270  0.087  1.042 0.075
Age > 18 -0.064 0.119  -0.046 0.111

Note: Initial health probabilities from equation 23. Standard errors are in parentheses. Initial wealth is measured in
10,000 AUD. We use the inverse hyperbolic sine for initial wealth.

lation and labor market participation in the model, individuals starting with low latent health,
especially in mental health, may face disadvantages over time.

Health Transitions. The health transitions in Table 5 show clearer life-cycle health patterns.
The positive coefficient for current health indicates that health is indeed persistent; individuals
in good health are more likely to remain so in the next period. Life shock events negatively
impact health, with a more pronounced effect on physical health. This negative coefficient mainly
affects short-term physical health, but it also ripples through mental health, impacting both
health dimensions. While health generally declines with age, mental health deteriorates less
than physical health, which is reflected in the persistence in Figure 3. Relative to not working,
school is negatively associated with good mental health tomorrow but not for physical health,
which suggests that the effect of schooling differs across health domains. The coefficients on the
occupation dummies capture the two-way interactions between health and occupation. Working
both positively associated with good health, with a slightly higher effect of mental health.

Weekly income. Table 6 shows the income process for workers, where labor supply, education,
experience, and health are consistently important factors at the intensive margin. Controlling for
occupation-specific and cross-occupation experience, we find that higher human capital, proxied
by years of education and experience, is associated with higher income with diminishing returns
and better health also contributes to higher income. Since the parameters are estimated jointly
within the structural model, we account for selection into occupations, mitigating concerns about
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Table 5: First-stage parameter estimates: Health Transitions

Mental Health Physical Health
Estimate =~ SE  Estimate  SE

Factor loading 1 - 0.815  0.045
Current health 1.339 0.061 1.333 0.056
Life shocks -0.172  0.057 -0.324  0.053
Years of education 0.018 0.015 0.056 0.013
Age -0.078 0.017 -0.078 0.016
Age?/100 0.075 0.035 0.040 0.032

Schooling dummy  -0.880 0.615  0.065  0.653
Working dummy 0.224 0.095 0.219 0.091
Annual income 0.004  0.001 0.003 0.001
Schooling x Age 0.057  0.030  0.016 0.032

Note: Income equations for working individuals in paid employment and self-
employment from equation 13. Annual income is measured in 1,000 AUD.

selection bias.

Table 6: First-stage parameter estimates: Weekly income

Working Income
Estimate  SE

Years of education 0.081 0.003
Experience 0.116 0.003
Experience?/100 -0.335  0.021
Good mental health 0.054 0.013
Good physical health 0.049  0.013

Variance of income shock 0.501 0.007

Note: Income equations for working individuals in paid employ-
ment and self-employment from equation 6. Income is mea-
sured in weekly income in 1,000 AUD. Standard errors are in
parentheses.

5.1.2 Other First Stage Parameters

Life shock probability and not working income. Life shocks occur exogenously as a function
of age and are estimated separately from the model to avoid endogeneity concerns and ensure
that their occurrence is not influenced by other model variables. - which we have shown from

the empirical analysis that it is a good instrument.

Similarly, we model income for not working individuals as a function of age, where they receive

government allowance with probability pg. Table 7 reports the estimates.
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Table 7: First-stage parameters: Life Shocks and Not Working Income

Life Shocks NW Weekly Income
Estimate = SE  Estimate SE
Constant  -1.263 0458  -0.404 0.080
Age 0.022  0.035  0.040 0.006
Age?/100  -0.057  0.066  -0.060 0.012

Note: Life shock probability from equation 10 and not working income

is from equation 7. We estimate the log of weekly income for not work-

ing individuals conditioning on them receiving positive government

?Ililowance with probability pg = 0.439. Standard errors are in paren-
eses.

5.2 Second Stage estimates

Utility. Using the first stage estimates, we estimate the utility parameters internally in the second
stage. Table 8 presents the estimated coefficients. Risk aversion is important in our context
because health is volatile and persistent, introducing uncertainty into both current utility and
future outcomes. Risk aversion implies that the model agents are relatively more willing to
accept this uncertainty when making occupational choices. In particular, it affects how they
trade off short-term income against long-term health and utility consequences, especially when

their income is limited and health shocks are difficult to insure against.

Table 8: Structural Parameters: Utility

Utility
Estimate ~ SE
Risk aversion 0.131  0.0002
Schooling: age -0.338  0.0005
Schooling: graduate dummy 2.902 0.002
Schooling dummy 2915 0.011
Working dummy 1.522 0.003
Schooling: good mh 0.569 0.002
Schooling: good ph 0.616 0.002
Working: good mh 0.440 0.002
Working: good ph 0.323 0.002
If schooling last period 3.635 0.002
If working last period 0.772 0.002
If not working last period 2.354 0.004

Not working last period X good MH  -0.144  0.003
Not working last period X good PH -0.260 0.003

Note: Structural model estimates of flow utility from equation 3. Consumption is
measured in 1,000 AUD.

Compared to not working, agents gain non-pecuniary benefits from attending school and work-
ing. This is consistent with the human capital accumulation literature, where individuals forgo

current income for future earnings potential. If they choose to go to graduate school, the utility
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benefits are even higher, since higher education contributes to higher earnings potentials. Since

the agents are forward-looking, they weigh these costs against the expected returns.

Health plays a crucial role in shaping utility, with strong heterogeneity across dimensions and oc-
cupations. Across all occupations, good health raises utility, but the effect is consistently stronger
for mental health than for physical health. A key aspect of our paper is that by jointly modeling
both mental and physical health, we are able to disentangle their distinct roles. While both di-
mensions affect income and decisions over work and schooling, our estimates show that mental
health has first-order importance in shaping life-cycle behavior. These findings underscore the
need to explicitly model mental health in dynamic settings where individuals make forward-

looking decisions facing health uncertainty.

Regarding switching costs, we capture occupational persistence through state-dependent utility
terms associated with last-period occupation. Persistence is the highest for schooling, not work-
ing, then working. These values suggest that individuals derive additional utility from staying
in their current occupation, reflecting monetary and non-monetary benefits, and is strongest for

schooling.

5.3 Model Fit

In general, our simulations align well with the observed data, capturing key life-cycle patterns
across individuals. To evaluate the model’s performance, we conduct four main exercises. First,
we compare the occupational choices observed in the data with the predicted probabilities gener-
ated by the estimated model. This comparison allows us to assess the model’s ability to replicate
agents’ decision-making processes. Figure 6 illustrates the results of this comparison. Note that
an agent’s occupational choice is influenced by a variety of factors, including life shocks that
affect health, the dynamic relationship between current and future health, occupational choices,
and the associated income. We capture well for schooling and working but slightly overestimate
the not working rate after the late 30s. This discrepancy may reflect unmodeled heterogeneity in

preferences that depend on health that is not fully captured in the model.

Nevertheless, the model’s ability to replicate both occupational choices and health trajectories
suggests that it effectively captures the bidirectional relationship between occupation and health.
This reflects how occupational choices can impact health outcomes and, conversely, how health
status can influence occupational opportunities and decisions. The two-way interactions are
crucial for understanding the relationship between labor market dynamics and health over the

life cycle, which is a key feature of our framework.

Second, we evaluate the model fit for income across occupations. Figure 7 shows that the model
performs well in capturing income patterns for both working and not working individuals, al-
though high for the early ages.

We also compare the life-cycle mental and physical health of the data and the model. Figure 8
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Figure 6: Data and Model Fit For Life-cycle Occupation Choices
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Note: The dotted lines correspond to the 95% confidence interval around the data, calculated using 10,000 boot-
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forward using the model 1,000 times.

Figure 7: Data and Model Fit For Weekly Income
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income using the model 1,000 times.
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shows that our model simulates well the declining mental and physical health over age.

Figure 8: Data and Model Fit for Life-cycle Mental and Physical Health and Life Shocks
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Note: The dotted lines correspond to the 95% confidence interval around the data, calculated using 10,000

bootstrapped data sub-samples. We take the initial states of data individuals as given s; and simulate forward using
the model 1,000 times.

Lastly, we compare the data and simulation for the transition matrices by health status, distin-
guishing between good and bad mental and physical health. Through the switching costs, we are
able to replicate well the diagonals that capture the persistence in each occupation across periods.

However, we overestimate the persistence in not working for individuals in good mental health

as we may be overstating the utility of staying out of work for those with good health.

Table 9: Data and Model Transition Matrix by Health Status

Health Time t Schooling Working Not Working
Poor MH
Schooling 7195 /7587 19.11 /2128 894 /2.85
Working 0.00 /0.09 91.69 /9409 8.31/5.83
Not Working ~ 0.00 / 0.60 27.93 / 37.09 72.07 / 62.35
Good MH
Schooling 7713 / 76.02 19.20 / 21.80  3.68 / 2.19
Working 0.00 /012 96.97 /9497 3.03 / 491
Not Working ~ 0.00 / 0.91  51.54 / 43.41 48.46 / 55.69
Poor PH
Schooling 68.49 / 76.15 22.60 /2098 890 / 2.87
Working 0.00 /0.07 9293 /9415 7.07 /578
Not Working ~ 0.00 / 0.58  28.01 / 37.04 71.99 / 62.38
Good PH
Schooling 7718 /7598 18.62 /21.84 420 /221
Working 0.00 /013  96.61 /9497 3.39 /490
Not Working ~ 0.00 / 0.93  50.20 / 43.57 49.80 / 55.51
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6 Counterfactual Analyses

Our model allows us to assess the direct impact of health, life shocks, and initial wealth on
occupational choices and earnings. To do so, we simulate counterfactual life-cycle trajectories to
examine the effect of poor health on occupation and income and the effect of unemployment and
income shocks on health. Specifically, we fix the realizations of preference shocks, income shocks,
types, and life-shock draws, and vary only the initial conditions of interest. This approach isolates
the role of each factor in shaping schooling and occupation decisions, earnings, and discounted
lifetime utility and income.

First, we compare the present discounted income (PDI) from ages 18 to 41, which we interpret as
early to mid career discounted earnings, by unobserved latent types and health. The left panel
of Figure 9 shows that those in the good health type earn more than those in the poor health
type, and the difference is especially large when we compare across health and income types. In
particular, individuals in the high income and good health type earn more than twice as much
than those in the low income and poor health type.

In the right panel, the first two set of bars vary initial mental and physical health, while the last
two sets of bars fix health status throughout the life-cycle. We see that initial health does not
make a big long-term difference in PDI. However, when health is fixed, persistent good health
leads to diverging income trajectories, especially for mental health. The gap is largest for mental
health: those in poor mental health throughout earn much less than those in poor physical health,
and those in good mental health earn more than those in good physical health. This underscores

that mental health plays a more important role in shaping long-run earnings.
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Figure 9: Comparing Present Discounted Income

We illustrate this more clearly by comparing the percentage difference in present discounted
income between those with poor and good health throughout the life cycle, conditional on income
percentiles. Figure 10 shows that poor health increases inequality, and this effect is stronger for
mental health. The gap in PDI between good and poor health is largest in the lower percentiles,

highlighting the compounding disadvantage. Again, we are able to distinguish between the
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two health dimensions - the average PDI percentage difference is about 17.7% for mental health,

compared to roughly 15.5% for physical health.

19

—&— Mental Health
—#*— Physical Health

PDI % Difference
>

14 -

0 20 40 60 80 100
Income Percentile

Figure 10: PDI % Difference by Health

Next, we look at the effect of unemployment on health. Both the empirical and structural results
show that not working contributes to worse health outcomes, especially for mental health. We
illustrate this through a counterfactual exercise where we put everyone into unemployment at
age 30. Figure 11 shows that losing a job causes a stark decrease in mental health in the sub-
sequent period, and it takes longer but at a faster rate to recover. This highlights how strongly

unemployment affects mental health more than physical health.
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Figure 11: Counterfactual of Losing Job at Age 30

As robustness checks, we conduct additional counterfactual exercises, including the effects of
poor health on income, and the impact of a two standard deviation decrease in income shocks
on mental and physical health. We do not find strong effects on the intensive margin because
most of the disparity comes from the extensive margin, from unemployment. However, when we

compare present discounted income across scenarios, the differences become clearer as illustrated
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above. We also compare a range of outcomes, including present discounted income, present
discounted utility, periods in each occupations and health under various conditions. We provide
full details of these counterfactual exercises in Appendix E.

7 Conclusion

In this paper, we examine the role of both mental and physical health in shaping young men’
schooling and occupational choices. Using rich longitudinal data, we document several empirical
facts: mental and physical health are persistent, highly correlated, and sensitive to adverse life
shocks, which in turn are linked to shifts in educational attainment and labor market participa-

tion.

Motivated by these patterns, we develop and estimate a dynamic structural model in which
mental and physical health evolve endogenously and interact with individuals” occupational and
schooling decisions. The model captures the two-way interactions between health and labor
market outcomes, the persistence of health over the life-cycle, and the role of unobserved hetero-
geneity. We model unobserved heterogeneity by health and income types and allow them to be
correlated in order to capture the transitory and permanent role of health into occupation and

earnings.

Our counterfactual exercises reinforce these findings by showing how differences in latent types,
initial health, and lifetime health shape long-run outcomes. We simulate various scenarios, in-
cluding exogenous shocks to health and income, and examine their effects on present discounted
income, utility, occupational paths, and periods in good health. We consistently find that indi-
viduals in better health and income types, with higher initial wealth and no major shocks, have

higher lifetime earnings and utility.

We also find that mental health plays a larger role than physical health, widening inequality
especially in lower income percentiles. Individuals in poor mental health are more vulnerable
to income shocks and face larger losses in present discounted income. At the same time, good
mental health can amplify these disparities, as those with better mental health accumulate higher

earnings over time, further increasing the gap.

By jointly modeling mental and physical health dynamics and occupational choice, this paper
provides a framework to study how health shapes individual decisions over the life-cycle. The
model allows us to quantify the impact of early health conditions, life shocks, and family back-
ground on education, labor supply, and earnings. The paper highlights key margins where
interventions, targeting mental health and early career conditions, can alter long-run trajectories.
Our results underlines the importance of treating both mental and physical health as an integral
part of human capital and a critical component of labor market outcomes.
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Appendix A Variable and Data Construction

In this section, we describe in detail the important variables and walk through the final data

cleaning process.

Years of Education: The Australian education system consists of primary, secondary, and tertiary
education and school attendance is mandatory up to age 15 or 17, depending on the state.?! The
senior secondary school includes Year 11 and 12 and in the final year, students may study for a
government-endorsed certificate in preparation for tertiary education. Following the Australian
Qualifications Framework (AQF), there are Certificates I to IV and Diplomas for regulated quali-
fications. The AQF standardized into 10 different levels from Level 1 (Certificate I) to 10 (doctoral
degree). Certificate I and II provide basic vocational skills and Certificate III and IV provide ad-
vanced skills, where the latter is equivalent to six to twelve months of degree study. Our sample

is based on individuals who completed high school education with 12 years of schooling.

Schooling and Occupation Sector: The schooling category includes individuals who entered and/or
currently enrolled in college or graduate school at time t after high school graduation. Working
includes both paid and self-employed workers (worked mainly in their own businesses with or
without employees) who, at time ¢ worked in the past 7 days in any job, business or farm. Lastly,
we define not working individuals as those who did not work for the past 7 days and were not
paid in family business.

Working Weeks: We compute working weeks based on the percentage time spent in all jobs during
the last financial year. This variable is used to compute the weekly income.

Not Working Weeks: Australia provides government support to individuals who are not working.
First, Youth Allowance is for those aged 24 or younger, with age eligibility varying by activity
such as full-time study, apprenticeship, or job seeking. Second, NewStart allowance is an unem-
ployment benefit scheme for individuals with ages 22 to pension age 64, which was replaced by
JobSeeker Payment on March 20, 2020. Hence, for 2021 data, we use JobSeeker as the income

t.22

support payment.” For non-working individuals, we sum Youth and Newstart Allowances and

then calculate the number of weeks they receive these government benefits.

Weekly income: We use weekly income as the income measure for working and not working
individuals. First, for working individuals, we calculate the aggregate annual income, which is
the sum of wage or salaries, profits from unincorporated business, profits from investments, and
dividends from the last financial year. Then the sum is divided by the number of working weeks,
defined as above. For not working individuals, we sum the Newstart and Youth Allowances
received in the last financial year and then divide by the number of weeks received. If the
respondents do not know their yearly amount, HILDA asks the average received per fortnight

21with minor variations across states and territories, school education is mandatory between ages 4/6-15/17 (Year
1 to 9 or 10).

22Eor more details, please refer to the descriptions provided by the Australian Government (Services Australia,
2024b,a,c).
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and we divide it by two to compute their not working weekly income. Moreover, we include
information on parent transfer, which is one of the important income sources for young adults.
The weekly income is computed as follows:

¢ For working individuals (m = 2):

n wage /salary; + net business income; + dividends;

i %time spent * 52/100

¢ For not working individuals (m = 3):

(New Start + Youth Allowance)/weeks received + parent transfer /52

fortnight amount/2 + parent transfer/52

Annual Income: Annual income equals weekly income multiplied by inelastic labor supply. From
Table A.1, we observe that around 44% of not working receive positive government allowances,
with an average duration of 22 weeks. Workers on average work around 50 weeks per year. We

use the average number of weeks as the inelastic labor supply @w™.
Table A.1: Inelastic Labor Supply

Obs % w™  Std. Dev
Working 12,281 . 49.19 8.84
Not Working 759 044 21.35 22.99

Initial Wealth: Information on household net worth is collected every four years starting from 2001
(wave 2, 6, 10, 14, and 18) and we use this information to control for individuals’ initial conditions.
We calculate initial wealth by subtracting the positive and negative values of household net worth
and if necessary, use the imputed values from the HILDA survey. Since we only have quadrennial
data, we use the household net worth at age ¢’ < t when the individual at age t. This covers
75.67% of individuals . For those missing, we use the next available wealth information (within
the next four years) as initial wealth, which covers 88.85% individuals. For the remaining missing
values, we impute running a regression on home ownership, imputed home value, age, age

square, and education.

Experience: For individuals whom we observe since age 18, experience is set to zero. For those we
do not observe the end of completed education or start of the career, we keep individuals who
have less than 3 years of experience. We follow Hamilton, Hincapié, and Salari (2024) to create a
the potential experience variable using two methods. We define the first measure as

f(l) = ageo — max{Years of education, 16} — 6
where the subindex 0 indicates that the measure is taken the first time we observe the individual
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at age greater than or equal to 22 and after leaving full-time education. Since this does not
account for years not working and differences between years of certified education and actual
number of years spent in school, we compute another measure. Let agey be the maximum
possible age of entry to the labor market defined as

agep = ageyp —expo

where expg indicates the labor market experience. Let the (approximate) labor market experience
at age 22 be defined as:

expyp =max{0,22 —agep}

and 7° be the number of years since the individual left full-time school. This is imputed by
HILDA, in which constructed based on the sum of time in paid-work, time not working, and
time looking for a job. Then the second measure is defined as

o expo—expy if expp 1is observed
0
. . .
75 if expp is missing

Combining these two measures, we get potential experience defined as

x5 if only %, is observed
Xo =4 &2 ifonly %% is observed
0 Y X

min{f(l), fg} if both are observed

Table A.2 shows the data cleaning process for the final dataset.

Table A.2: Our Sample Construction

Individual-Year % kept | Individual % kept

Observations
Initial Sample 433,115 100.00 | 45,570 100.00
Drop women and armed force 209,491 48.37 | 22,533 49.45
Drop if age< 18 154,344 35.64 17,460 38.31
Drop if missing education 147,274 34.00 15,534 34.09
Drop if less than high school graduation 111,864 25.83 | 11,695 25.66
Drop if missing labor market characteristics 96,112 22.19 | 9,895 21.71
Drop if missing health measures 84,273 19.46 | 9,519 20.89
Drop if missing life shock events 79,964 18.46 9,243 20.28
Keep if observe the start of career (fp < 3) 17,996 4.16 2,706 5.94
Drop income outliers 17,765 4.10 2,700 5.92
Drop if missing consecutive years and age>41 | 16,781 3.87 2,294 5.03
Drop education outliers 16,725 3.86 2,294 5.03

Note: Since life shock events start from 2002, the final dataset includes years 2002 - 2021. We drop individuals who don’t

satisfy the condition: age > education + paid employment experience + self employment experience + 5, where the age of
entering primary school is around age 5-6.
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Appendix A.1 Timing of the Variables

In this subsection, we describe the timing of the key variables from the survey interview because

it is crucial for model timing assumption and understanding the information structure.

Table A.3 describes the timing of the variables. For instance, suppose an individual was in-
terviewed in 2001. From this interview, we obtain information on their mental and physical
health and employment status for 2001, as well as their life shock events and income for 2000.
Similarly, in the 2002 interview, we gather information on their mental and physical health and

employment status for 2002, along with life shock events and income for 2001.

To ensure consistency in measuring income, we assume that an individual remains in the same
occupation for the entire financial year. Hence, we link income data collected in the 2002 inter-
view to the occupation data from the 2001 interview. This approach ensures that income aligns
with the reported occupation for the same financial year.

To instrument previous life shock events on current mental and physical health, and to examine
their effects on future mental and physical health, we require three panel observations for each
individual.
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Variable

Question

Timing

Mental and physical health

Life shocks

Employment status

Hours worked

% time spent
Income - wage/salary

Income - dividends

Income - business income

Income - government allowances

Income - parent transfer

During the past 4 weeks, have you had any of the
following problems with your work or other reqular
daily activities as a result of your physical health?

During the past 4 weeks, have you had any of the
following problems with your work or other regular
daily activities as a result of any emotional problems
(such as feeling depressed or anxious)?

We now would like you to think about major events
that have happened in your life over the past 12
months.

At any time at all during the last 7 days, did you
do any work in a job, business or farm?

I am now going to ask you some questions about
your main job. That is, the job in which you usually
get the most pay from each week.

Including any paid or unpaid overtime, how many
hours per week do you usually work in your main
job?

Percent time spent in jobs last financial year.

Last financial year, what was your total wage and
salary income from all jobs before tax or anything
else was deducted?

Including only your share, what was your total in-
come from dividends from your incorporated busi-
nesses in the last financial year?

Excluding dividends, in the last financial year, what
was your total income from wages and salary from
these incorporated businesses before income tax was
deducted?

Please exclude wages and salary already reported.
"I am now going to ask you about your receipt of
government pensions, benefits and allowances dur-
ing the last financial year. Looking at SHOW-
CARD F31, during the last financial year, did you
receive any of these government pensions or al-
lowances?”

"How much did you receive from [specify source]
during the last financial year?”

t—1
t-1

Table A.3: Timing of Survey Questions
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Appendix B Summary Statistics

Table A.4: Summary Statistics by Occupation and Health Status

All Schooling Working Not Working
Obs 16,725 2,690 12,307 1,728
Proportion 1 0.16 0.74 0.10
Good MH 0.79 0.82 0.81 0.61
Good PH 0.78 0.84 0.79 0.64
Age 25.18 20.52 26.36 23.98
(5.27) (1.97) (5.20) (4.97)
Years of education 13.32 14.28 13.18 12.87
(2.16) (1.81) (2.22) (1.80)
Annual income 50,836.93 - 56,356.72 25,080.66
(40,449.92) - (39,097.46) (32,464.18)
All Poor MH Good MH Poor PH Good PH
Obs 16,725 3,567 13,158 3,612 13,113
Proportion 1 0.21 0.79 0.22 0.78
Schooling 0.16 0.14 0.17 0.12 0.17
Working 0.74 0.67 0.75 0.71 0.74
Not Working 0.11 0.19 0.08 0.17 0.08
Age 25.18 25.51 25.09 25.85 24.99
(5.27) (5.43) (5.22) (5.60) (5.16)
Years of education 13.33 13.20 13.36 13.06 13.40
(2.16) (2.02) (2.20) (1.99) (2.20)
Annual Income 50,836.93 43,035.34 53,022.14 45,324.86 52,460.90
(40,449.92)  (39,411.89) (40,468.94) (40,925.30) (40,166.69)
Initial Wealth 584,503.70  499,725.60 607,486.20 471,290.80 615,688.40
(973,521.60) (855,602.30) (1,001,898.00) (946,382.50) (978,602.40)
Father’s High School
Yes 0.64 0.61 0.65 0.60 0.65
No 0.25 0.27 0.25 0.27 0.25
Missing 0.11 0.12 0.10 0.13 0.10
Mother’s High School
Yes 0.56 0.54 0.56 0.50 0.57
No 0.35 0.36 0.35 0.39 0.34
Missing 0.09 0.10 0.09 0.11 0.09

Note: Standard deviations are in parentheses. The observations are individual-year and the monetary units are in Australian dollars
(deflated in 2015 AUD). Annual income includes wage/salaries, net business income, and dividends for working individuals and gov-
ernment allowances and parent transfers for not working individuals, conditional on receiving positive income.
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Appendix C Validity of Health Measures

For mental and physical health, we use MHI-5 and SF-36 physical component and derive binary
variables for good and bad health. Since the health measures do not have official cutoffs, we first
plot the kernel density functions. Figure A.1 shows the density functions with the mean and
median plotted vertically. We observe that both mental and physical health are left skewed and
the score is generally higher for physical health. For our cutoffs, we use the median of 76 and 89
over 100 for mental and physical health, respectively.

Mental Health Kdensity
Cutoff

T T T T T

Score
kernel = epanechnikov, bandwidth = 1.9080

Physical Health Kdensity
Cutoff

T T T T T
20 40 60 80 100
Score

kernel = epanechnikov, bandwidth = 1.1925

Figure A.1: Density Function of Health Measures

Note: In each figure, the solid vertical line shows the mean and the dotted vertical line shows the median.

To prove validity of our health measures, we compare with other health measures available in
the HILDA survey. For mental health, HILDA also measures Kessler-10 (Kessler and al., 2002),

which is a psychological screening tool to assess psychological distress. Kessler-10 consists of ten
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questions to measure anxiety and depressive symptoms during the last four weeks, e.g. Did you
feel full of life? Have you been a nervous person? Have you felt down? For each question, respondents
rank from 1 (All of the time) to 6 (None of the time) and the scores are re-scaled and reverse-
coded such that a higher score implies better psychological health. Although Kessler-10 is a
good indicator for mental health, we instead use MHI-5 because the latter is measured every

year whereas Kessler-10 is measured biannually since 2007, which reduces our sample size.

For general health, we observe self-reported health and life satisfaction, where respondents scale
from 0 (Totally dissatisfied) to 10 (Totally satisfied). Moreover, HILDA asks about general health
status coded from 1 (Poor) to 5 (Excellent).

Table A.5 shows the correlation matrix of the different health measures. We observe that the
correlation between mental and physical health is between 0.4 and 0.5 and is statistically signif-
icant at the 99% confidence level. For mental health, MHI-5 is highly correlated with the other
measures SF-36 mental (0.85) and Kessler-10 (0.81). Similarly, SF-physical is highly correlated
with general health satisfaction (0.52) and health status (0.54). In general, we show that the self-
assessed mental and physical health measures are consistent with the other health measures we

observe in the dataset.

Table A.5: Correlation Matrix of Health Variables

MHI-5 SF-Physical

MHI-5 1 0.449*
SF-Mental 0.849* 0.563"
SF-Physical 0.449 1

Kessler-10 0.806*** 0.478

Health satisfaction | 0.420** 0.516"
Life satisfaction 0.499* 0.296™
Health Status 0.402* 0.537**
*p <0.05 " p<0.01, " p <0.001

Appendix D Reasoning and Validity of Health Instruments

Among the life shock events asked in the HILDA survey, we use five questions to show exogenous
variation in our health measures. The five instruments include experiencing a death of friend,

serious illness of relative, or death of relative or being victim of property or physical violence.

We begin by explaining the reasoning behind the choice of instruments and their use in other
studies. First, we consider the death of a close friend similar to Frijters et al. (2014), who demon-
strate that such event has strong negative implications on health. The authors address the weak
identification in a instrumental-variables fixed-effects setting and show that a death of a friend

has short and long-term impacts on mental health, which, in turn affect employment outcomes.
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Liu, Forbat, and Anderson (2019) also find that death of a close friend has negative and enduring
consequences in both physical and psychological health.

Second, we include victimization from property crime and physical violence. Studies by Hiday
et al. (1999), Teplin et al. (2005), and Mahuteau and Zhu (2016) indicate that crime victimization
is closely related to mental well-being and have negative consequences. Moreover, Freeman and
Smith (2014) and Cornaglia et al. (2014), using HILDA data, find that being a victim of violent
crime results in adverse mental health effects for both men and women, although the effect was
insignificant for property crime. However, Churchill and Smyth (2022) and Krekel and Poprawe
(2014) provide evidence that local area crime affects mental health, supporting similar findings
in the context of Germany.

In addition, we include death and serious injury or illness of relative into our analysis. Research
underscores that a loss of close family members is strongly correlated with deterioration in both
mental and physical health (Ott, 2003; Walsh and McGoldrick, 2004; Stroebe, Schut, and Stroebe,
2007). Bereavement not only has immediate and enduring implications but also influences indi-
vidual labor supply decisions (Stroebe and Stroebe, 1987; Fadlon and Nielsen, 2021). Since death
or serious illness of first-degree family such as spouse is more likely to directly impact occu-
pational choices, we focus instead on relatives, which is more likely to affect individual health

rather than directly influencing career decisions.

Table A.6: Summary Statistics of Life Shock Events

Obs Mean Std. Dev
All 16,725 0.257 0.437
Death of Friend 16,725 0.058 0.233
Victim of Property Crime 16,725 0.049 0.216
Victim of Physical Violence | 16,725 0.020 0.139
Serious Illness of Relative 16,725 0.097 0.295
Death of Relative 16,725 0.100 0.301

Note: Life shock event questions are asked annually and are based on
the respondents” experience during the past 12 months.

In our data, we observe that an average of 25% of individuals experience at least one of these life
events each year (Table A.6). Specifically, 6% of respondents experienced a death of a friend 10%
experienced the death or serious illness of a relative.

In addition to the main event study analyses, we provide plots for each life shock event on mental
and physical health in Figures A.2 and A.3.
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Appendix E Additional Counterfactual Results

In this section, we provide additional exercises for our counterfactual analysis. We continue by
looking at the effect of health on income and vice versa. Figure A.4 shows that there is a negative
effect of poor mental or physical health at age 30 on income.
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(a) Poor MH at Age 30 — Working Income (b) Poor PH at Age 30 — Working Income

Figure A.4: Poor Health on Income

Looking at it the other way around, we simulate the effect of two standard deviation decrease in
income shocks on health. We see a clear drop in health, especially in mental health, with a longer
recovery period compared to physical health.

r —&—Baseline —6—Baseline
—*—2 S.D. Income Shock aatl —*—2S.D. Income Shock |

Proportion
5}
b
>
Proportion

18 22 26 30 34 38 18 22 26 30 34 38
Age Age

(a) Working: Mental Health (b) Paid Working: Physical Health

For robustness, we compare various outcomes of interest including the present discounted in-
come, present discounted utility, and periods in each occupation as well as in good mental and
physical health. We compare them by unobserved latent types (Table A.7), initial mental and
physical health (Table A.8), lifetime mental and physical health (Table A.9), life shock events
(Table A.10), and initial wealth (Table A.11).

Overall, we find that individuals in better health and income types, with higher initial wealth

and no major life shock events at different ages, tend to have higher discounted lifetime income
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and utility. These differences are primarily explained by earlier entry and longer duration in the
labor force. Good health is strongly associated with more stable occupational paths, less years in
unemployment, and higher overall well-being over the life cycle.

Table A.7: Simulated Outcomes by Types

Types

Avg (Low Y, (Low Y, (High'Y, (High Y,

Wgt Poor H)  Good H) Poor H) Good H)
PDI 757719.75 629300.99 657738.52 1227347.13 1276421.84
PDU 25.79 23.43 24.60 32.53 33.56
Years in SCH 4.25 4.79 491 1.41 1.48
Years Working 194 19.08 19.25 20.07 20.54
Years Not Working 3.57 3.77 3.32 4.34 3.66
Periods in Good MH 18.28 11.90 22.03 12.69 22.17
Periods in Good PH 17.93 12.49 21.26 12.42 21.17

Note: Using the estimated parameters, we simulate forward the life-cycle paths of individuals 100 times, starting at age
18. Throughout the counterfactual simulations, we hold fixed the realizations of preference shocks, income shocks,
types, and life shock draws. From the data, we take other state variables - paid employment experience, self employ-
ment experience, years of schooling, initial mental health, and initial physical health - as given. We also classify data
individuals into those in the bottom and top quartile of the initial wealth distribution. Then, we compare cases by
types. For each individual, we compute discounted lifetime income, defined as the present value of paid employment
income, self employment income, and/or not working income (government allowances), using a discount factor of
0 = 0.95. Discounted lifetime utility is calculated as the present value of flow utilities derived from the model solution.
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Table A.8: Simulated Outcomes by Initial Mental and Physical Health

Initial Mental Health Initial Physical Health

Poor Good Poor Good
PDI 732542.43  760823.87 735726.37  760422.79
PDU 19.67 27.15 20.84 27.04
Years in SCH 4.72 4.80 4.71 4.81
Years Working 18.90 19.51 19.02 19.49
Years Not Working 391 3.48 3.90 3.48
Periods in Good MH 17.38 18.69 18.40 18.45
Periods in Good PH 18.06 18.09 17.05 18.36

Note: Using the estimated parameters, we simulate forward the life-cycle paths of individuals 100
times, starting at age 18. Throughout the counterfactual simulations, we hold fixed the realizations
of preference shocks, income shocks, types, and life shock draws. From the data, we take other state
variables - paid employment experience, self employment experience, years of schooling, and initial
mental or physical health - as given. In the top panel, we compare cases where initial mental health
is set to either bad (mhy = 0) or good (mhy1 = 1), simulating their outcomes until age 41. Similarly,
in the bottom panel, we compare cases where initial physical health is set to bad (ph; = 0) or good
(ph1 = 1). For each individual, we compute discounted lifetime income, defined as the present value
of paid employment income, self employment income, and/or not working income (government al-
lowances), using a discount factor of 6 = 0.95. Discounted lifetime utility is calculated as the present
value of flow utilities derived from the model solution.

Table A.9: Simulated Outcomes by Mental and Physical Health

Mental Health Physical Health
Poor Good Poor Good
PDI 66602291 779314.82 679524.03 777192.57
PDU 16.72 27.95 18.16 27.85
Years in SCH 4.74 4.79 4.59 4.83
Years Working 17.77 19.82 18.12 19.76
Years Not Working 4.98 3.17 4.86 3.17
Periods in Good MH 1.00 23.86 18.30 18.50
Periods in Good PH 17.95 18.14 1.00 23.87

Note: Note: Using the estimated parameters, we simulate forward the life-cycle paths of individ-
uals 100 times, starting at age 18. Throughout the counterfactual simulations, we hold fixed the
realizations of preference shocks, income shocks, types, and life shock draws. From the data, we
take other state variables - paid employment experience, self employment experience, and years
of schooling - as given. In the top panel, we compare cases where mental health is set to either
always bad (mh; = 0) or good (mhy = 1) throughout the life-cycle, simulating their outcomes until
age 41. Similarly, in the bottom panel, we compare cases where initial physical health is set to al-
ways bad (ph1 = 0) or good (ph; = 1) throughout the life cycle. For each individual, we compute
discounted lifetime income, defined as the present value of paid employment income, self em-
ployment income, and/or not working income (government allowances), using a discount factor
of 6 = 0.95. Discounted lifetime utility is calculated as the present value of flow utilities derived
from the model solution.
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Table A.10: Simulated Outcomes by Life Shock Events

Life Shock at Age 25 Life Shock at Age 35

Yes No Yes No
PDI 756971.80 756684.82 756971.80 756696.72
PDU 25.85 25.83 25.85 25.84
Years in SCH 4.79 4.79 4.79 4.79
Years Working 19.43 19.42 19.43 19.42
Years Not Working 3.54 3.55 3.54 3.55
Periods in Good MH 18.60 18.57 18.60 18.57
Periods in Good PH 18.42 18.36 18.42 18.35

Note: Using the estimated parameters, we simulate forward the life-cycle paths of individuals 100
times, starting at age 18. Throughout the counterfactual simulations, we hold fixed the realizations
of preference shocks, income shocks, types, and life shock draws. From the data, we take other
state variables - paid employment experience, self employment experience, years of schooling, ini-
tial mental and physical health - as given. In the top panel, we compare cases where individuals
do not experience life shocks at age 25 (zage=25 = 0) or experience (zgge=25 = 1), simulating their
outcomes until age 41. Similarly, for the second counterfactual, individuals experience life shocks
at age 35 or not.

Table A.11: Simulated Outcomes by Initial Wealth

Initial Wealth
Bottom Q4 Top Q4
PDI 1009959.88 1030054.93
PDU 28.34 30.44
Years in SCH 4.35 4.31
Years Working 19.90 19.98
Years Not Working 3.70 3.64
Periods in Good MH 20.27 20.52
Periods in Good PH 19.59 19.81

Note: Using the estimated parameters, we simulate forward the life-
cycle paths of individuals 100 times, starting at age 18. Throughout
the counterfactual simulations, we hold fixed the realizations of pref-
erence shocks, income shocks, types, and life shock draws. From the
data, we take other state variables - paid employment experience,
self employment experience, years of schooling, initial mental health,
and initial physical health - as given. We also classify data individu-
als into those in the bottom and top quartile of the initial wealth dis-
tribution. Then, we compare cases where individuals’ initial wealth
is the bottom or top quartile. For each individual, we compute dis-
counted lifetime income, defined as the present value of paid em-
ployment income, self employment income, and/or not working in-
come (government allowances), using a discount factor of 6 = 0.95.
Discounted lifetime utility is calculated as the present value of flow
utilities derived from the model solution.
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Appendix F Model Solution, Estimation, and Simulation

For replication, there are three main stages: 1) solution, 2) estimation, and 3) simulation.

Appendix E1 Solution

Recall that agents make occupational choices from age 18 to 49 and from age 50 onward, we
assume that they remain in the same occupation sector until the retirement age 65. Then, at age

65, the continuation value of retirement is normalized to zero. Figure A.6 shows the timeline.
Figure A.6: Model Timeline

18 26 49 65

Occupational Choice Remain in Occupation Terminal Value

In the data sample, less than 3% choose to attend school after the age of 25. Figure 1 shows that
the share of schooling approaches near zero after the age of 25; therefore, we restrict schooling
choice until age 25 to better fit our model. From age 27 to 49, agents choose among two alterna-
tives: working and not working. The change in choices affects the following: i) the mental and
physical health transition probability, ii) income, and iii) utility. Hence, we need to be careful
doing backwards induction and computing the expected value functions. Below we describe the
steps:

e At age 65, we obtain the expected value function for age 66, E[Vgs(ses|s65)] = 0. This
enters the continuation value for age 65 and we compute the expected value for age 65,
E[Ves(se5/s64)]. To account for income shocks, we employ Monte Carlo integration, drawing
100 income shocks from a normal distribution and averaging them to estimate expected
utility. For individuals not engaged in work, we incorporate the probability pg of receiving
government allowances into the calculations. Since the agents” occupational choices at age
49 are unknown, we compute occupation-specific expected value functions for all possible
scenarios (e.g., the agent remaining working or not working). This process is iteratively
repeated for each preceding age until we reach age 50.

e At age 49, agents make the last occupational choice taking into account the choice-specific
continuation values from E[V50(s50]s49)]. Then, we compute the expected value function
E[Vag(s49(s48)], which follows the functional form a la Rust (1987). We no longer use choice-
specific expected value functions but aggregate across all choices. We repeat this process
until age 26.

e At age 25, agents have the last schooling option. Taking into account the expected value

from age 26, E[V26(s26(s25)], we compute the expected value for age 25 E[V25(s25/s24)], which
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considers utility across three alternatives: schooling, working, and not working. We repeat

this process until we reach initial age 18.

Appendix F2 Estimation

We use the first stage estimates to solve for the second stage. From the optimization process
above, we obtain the choice probabilities from ages 18 to 49. Moving into estimation, we will
extract model solution for ages 18 to 41 to match our data sample. Given the characteristics of the
data individual, we construct the maximum likelihood estimator using the choice probabilities
from the model solution. Setting this as our objective function, we maximize our likelihood

estimator (or minimize the negative likelihood).

Appendix E3 Simulation

For model fit, we simulate forward the data individuals (n € {1,..N}) S times (S = 1,000) using

our estimated parameters. The steps are described below:

1. Re-solve the model using estimated parameters. We store the state space and the expected
value function (integrated out the income shocks) which will be used in the forward simu-

lation.

2. Get individuals’ initial conditions from the data: experience, education, age, mother’s ed-
ucation, father’s education, initial wealth. We exclude initial mental and physical health

because we model these initial conditions with unobserved heterogeneity (Equation 23).
3. For each simulation of a given individual, start with initial age (a,,1):

(a) Determine individual type (Equation 21). Get the initial characteristics of the data in-
dividual (e.g. father’s education, mother’s education, age, and family wealth). Com-
pute the type probabilities based on the characteristics. Generate a random number

between 0 and 1 and determine the latent health type k.
(b) Determine initial health using the probability of being in good health (Equation 23).

In other words, generate a random number between 0 and 1; if it is less than the

probability of having good initial health, the initial health is considered good.
(c) Draw a preference shock from a standard T1EV distribution for each alternative.

(d) Extract the corresponding expected value function (Equation 17) given the individual’s
state space variables and add the preference shock. Choose the alternative that yields
the highest output.

(e) Given choice, draw an income shock from the corresponding normal distribution and

compute income (Equations 6, 7).
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(f) Given choice, determine next period education and experience (Equations 8).

(g) Compute the life shock probability. Generate a random number between 0 and 1; if
this number is smaller than the calculated probability, the individual experiences life
shock the next period.

(h) Compute the mental health transition probability (Equation 13). Generate a random
number between 0 and 1; if this number is smaller than the calculated probability, the
individual is in good mental health the next period. We repeat for physical health and
get next period physical health status.

(i) Repeat step (b) - (g) until the age we last observe the individual (aT,).
4. Repeat step 3. S times for all individuals.

5. Take the average across S and N.
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