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Abstract

The effects of health and education on labor market outcomes have received much

attention. In this paper, we contribute to this literature by analyzing two particular roles

of education. First, we measure how it affects the frequency and severity of health shocks,

and second, we estimate how labor market effects of health shocks vary by educational

attainment. We answer these questions using administrative earnings data and hospital

records from Chile and find that education has a strong protective effect in this context.

Moreover, differences in health shock characteristics and work conditions only explain a

part of this education gradient.
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1 Introduction

There is ample evidence that education, health, and labor market outcomes are correlated.

Overall, economists agree on the positive effects of education on earnings and health (Card,

1999; Lochner, 2011) and of health on labor market outcomes (Currie and Madrian, 1999),

but the exact causal channels are not completely understood. In a recent study, Heckman

et al. (2014) use rich panel data including personality traits to analyze one of these channels,

the causal effect of education on health status, health behavior, and wages. Understanding

other potential pathways is important for policymakers interested in the causal effects of

education and health on labor market outcomes. If there is such an effect, it may be possible

to devise policies to reduce the cost imposed by health-related absenteeism. Moreover, if

higher levels of education lead to a reduction in the negative effect of health on employment

and earnings, it may be optimal to increase school enrollment, particularly in countries where

educational attainment is low.

In this paper, we analyze another channel for the benefits of education. Instead of mod-

eling education decisions as in Heckman et al. (2014), we take the final education level of

adults as given, but rather focus on the role of health. While most existing studies only ob-

serve measures of health status and treat changes in health as a black box, we proxy changes

in health status by sudden health events that require hospitalization. We then show how

education affects 1) the likelihood, type, and severity of such health shocks and 2) the way in

which health shocks result in changes in labor market outcomes. Exploiting detailed admin-

istrative earnings and hospital data from Chile, we use propensity score weighting combined

with difference-in-differences and fixed effects strategies to uncover the role of education in

the labor market effects of health shocks. While we do not directly estimate causal effects of

education on health or labor market outcomes, our estimates show how the causal effect of

health shocks on labor market outcomes varies by educational attainment.

Education may affect the frequency of adverse health events such as accidents, heart

attacks, or cancer diagnoses for two main reasons. First, better educated individuals tend

to engage in fewer unhealthy behaviors such as smoking (e.g., Grimard and Parent, 2007;

de Walque, 2007; Jürges, Reinhold, and Salm, 2011), behaviors leading to obesity (e.g., Web-

bink, Martin, and Visscher, 2010; Brunello, Fabbri, and Fort, 2013), binge drinking (e.g.,

Naimi et al., 2003), and risky driving or not wearing a seatbelt (e.g., Leigh, 1990).1 Sec-

ond, individuals with higher levels of education possess the necessary qualifications to work

in white-collar occupations (e.g., Autor and Handel, 2013; Speer, 2014). Occupations that

require more manual tasks are associated with adverse health events, including workplace ac-

1See Cutler and Lleras-Muney (2010) for an overview of possible pathways between education and health
behaviors.
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cidents and exposure to unsafe conditions (e.g., Guardado and Ziebarth, 2013).2 Hence, there

is a clear association between education and the risk of health shocks through occupational

choice.

Independent of education, health is directly associated with labor market outcomes. Indi-

viduals with lower levels of self-assessed health status report lower wages, work fewer hours,

are less likely to participate in the labor force, and retire early. Currie and Madrian (1999)

provide a review of the earlier literature.3

While the effects of education on health and of health on labor market outcomes are well

documented, evidence on how education mitigates the negative consequences of health shocks

for employment and earnings is limited. Our paper therefore contributes to understanding

how education and health interact in their effects on labor market outcomes.

When estimating the effect of health status on labor market outcomes using survey data,

nonrandom measurement error, reverse causality, and justification bias are common problems

that can lead to endogenous health measures (e.g., Bound, 1991; Crossley and Kennedy, 2002;

Baker, Stabile, and Deri, 2004).4 Another issue that arises when using survey data is the

timing of changes in health status and labor market outcomes. It is often difficult to measure

which change occurred first. Even with panel data this problem persists due to recall bias.

To address the endogeneity of health measures, French (2005), Bound, Stinebrickner, and

Waidmann (2010), and Gallipoli and Turner (2011) impose structure on the relationship

between health and labor market outcomes in order to estimate causal parameters. On

the other end of the methodological spectrum, Thomas et al. (2006), and Mohanan (2013)

use experimental and quasi-experimental variation, respectively, to estimate the reduced-

form effect of health on labor supply and household finances. Other studies that use sudden

health events to estimate the effects of health on labor market outcomes include Dano (2005),

Lundborg, Nilsson, and Vikström (2011), Halla and Zweimüller (2013), and Jeon (2013).

To establish causal pathways from health to labor market outcomes, it is important to

observe the exact timing of changes in both variables, as noted above. Even when using

administrative data, it may be difficult to do so. For example, Dano (2005), Lundborg,

Nilsson, and Vikström (2011), and Jeon (2013) use annual earnings reported on tax returns

as a measure for the intensive labor supply margin. This type of data complicates the timing

of events because lower earnings in a given year may be due to a labor market shock that

precedes a change in health status. In this case, reverse causality cannot be ruled out. In

2Workplace related stress may also contribute to lower health status. While stress may not necessarily
be associated with blue-collar occupations, Johnson et al. (2005) find that stress is overall more prevalent in
occupations that require lower levels of education.

3Another large literature documents the reverse effects of income shocks, for example due to recessions or
unemployment, on individuals health (e.g., Ruhm, 2000; Salm, 2009).

4Justification bias refers to the bias introduced when respondents list their health as the reason for labor
market outcomes such as early retirement. While some individuals retire due to health reasons, it is also a
socially acceptable reason and may therefore be overreported in surveys as first noted by Bazzoli (1985).
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contrast, our paper is the first to use monthly earnings data in this context. Therefore, we

are able rule out most cases of reverse causality because we also know the exact date when

a health shock occurred.

Dano (2005), Mohanan (2013), and Halla and Zweimüller (2013) only consider changes in

health status due to accidents. While these external health shocks have the benefit of being

unpredictable by individuals, the propensity of having an accident is not necessarily exoge-

nous. For example, individuals who are not very risk averse may select into more dangerous

jobs and also drive less safely. In contrast, we use all types of health shocks that require a

hospital stay, including shocks that may be predictable due to underlying chronic conditions

(e.g., heart attacks and complications of diabetes). To deal with potentially endogenous

changes in health, we combine three strategies. First, we only include individuals in the

treatment group who were hospitalized but did not have a hospitalization in the preceding

year. Hence, we are confident that they did not anticipate the health shock and did therefore

not change their labor supply before the shock occurred. Second, we use propensity score

weighing in order to equalize pre-shock employment trends between treatment and control

group. Third, we account for time invariant unobservable differences between individuals

with and without health shocks by using difference-in-differences and fixed effects strategies.

Hence, we are able to a analyze the labor market effects of a diverse range of health shocks

while ensuring that observable and unobservable heterogeneity does not bias our results.

With the exception of Mohanan (2013), who uses a very small sample from one Indian

village, our paper is the first to estimate the effect of health shocks on economic outcomes in an

emerging or developing economy. Moreover, our sample is not only representative of the entire

formal Chilean workforce, but we observe the universe of employees and hospital admissions.

Therefore, we can estimate treatment effects that are relevant for the whole population. As

many similar countries, Chile also provides an interesting setting for studying the effect of

health and education on labor market outcomes for two reasons. First, a substantial fraction

of the workforce is employed in jobs that require mostly manual tasks. The effect of disabling

health events is therefore more pronounced than in a setting where most workers have desk

jobs. Second, education levels are low with half the workforce not having a high school

degree. Therefore the potential gains from increasing education are large if better educated

individuals can cope more easily with health shocks.

In sum, our contributions to the literature are fourfold. First, we establish the role of

education in the link between health and labor market outcomes. Second, by using detailed

administrative data from Chile, we are able to time changes in health status and labor market

outcomes very precisely to avoid reverse causality. Third, we combine empirical methods and

sample restrictions to estimate effects of a wide variety of health shocks that are not biased due

to observed or unobserved heterogeneity. Finally, our results are particularly policy relevant

because they are the first that apply to the general workforce of an emerging economy.
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The rest of this paper is organized as follows. In Section 2, we provide a brief background

on the Chilean health care system and describe the data used in this paper. We also present

summary statistics and some descriptive evidence on the effects of health shocks on labor

market outcomes. Section 3 discusses our empirical methodology including propensity score

weighting and outcome regressions. We then present the results in Section 4. Our findings

show a reduction in labor supply at the extensive margin following a health shock. Education

has substantial protective effect. Individuals with post-secondary eduction reduce their em-

ployment rates by over two percentage points less than those without a high school degree.

We then investigate to what extent these education effects are due to different health shock

and job characteristics. In particular the latter explain the protective effect of education to

some extent. Finally, we conclude in Section 5.

2 Background and Data

2.1 The Chilean Healthcare System

Chile has a dual health care system. The Fondo Nacional de Salud (FONASA) is the public

health insurance plan run by the Health Ministry. In addition, there are several Instituciones

de Salud Previsional (ISAPRE), which are private plans that act as alternatives to FONASA.

Employees are enrolled in the public FONASA system by default but can opt out and join

an ISAPRE. In 2009, about 74 percent of the Chilean population were enrolled in FONASA

and about 16 percent were members of an ISAPRE.

FONASA beneficiaries are classified in four groups. Group A beneficiaries are individuals

who lack resources or formal employment, receive welfare or government pensions, pregnant

women, and children under six years of age. Group A beneficiaries obtain free health care

from all providers in the public network. They do not have to pay a premium for enrollment or

any copayments to public providers. About 36 percent of FONASA beneficiaries are classified

in group A. The remaining 64 percent are employees who contribute seven percent of their

salary to the insurer, up to a monthly salary ceiling. They are classified into groups B, C,

and D according to their monthly income. FONASA members pay copayments for health

care services that vary between zero and 20 percent depending on their earnings relative

to the minimum wage and the number of dependents. Beneficiaries can only obtain health

care in public facilities or private facilities that have an agreement with FONASA at these

copayment levels. If FONASA members want to avoid this limitation and choose a private

health care provider instead, they pay higher copayments that depend the private facility’s

pricing level.

Individuals who opt out of FONASA can choose among 13 ISAPRE plans that are run

by private insurance providers. Each plan offers different levels of coverage and different
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treatment options with different premiums. ISAPRE plans are more expensive than FONASA

but provide access to better health care. The ISAPRE collect the mandatory contribution

of seven percent, but members can pay an additional premium amounting to 2.2 percent of

income on average. ISAPRE beneficiaries almost exclusive use private providers. There are

two main reasons. First, by law, public hospitals mostly do not make hospital beds available

to non-FONASA beneficiaries. Second, ISAPRE beneficiaries avoid using public providers,

because they can obtain better-quality and more timely care through their regular coverage.

Hence, ISAPRE plans are more expensive than FONASA but provide access to better health

care with shorter waiting times.

2.2 Data Sources and Summary Statistics

We use administrative data on monthly earnings and hospital stays from two sources. The

earnings data come from the Chilean unemployment insurance system, Seguro de Cesant́ıa

(SC). The Chilean government enacted it as an addition to the existing social protection net

in 2002. Participation in SC is mandatory for all workers who have begun a new employment

relationship after October 2002. Employees in existing jobs could elect to join SC. Monthly

contributions amount to three percent of the employee’s salary. Firms therefore report their

employees’ salaries to the SC administration on a monthly basis. Our data consist of monthly

observations of individual earnings, employment (nonzero earnings), and the employer’s in-

dustry. In addition, SC records employees’ educational attainment, sex, year and month of

birth, and the date they became affiliated with SC. We have access to the universe of SC

records from October 2002 to December 2011. Monthly earnings are deflated with 2009 as

the base year and expressed in 1,000 Chilean Pesos (CLP).5 There are about 4.2 million men

in this data set.6

The health shock data stem from hospital records. We have access to the universe of

Chilean hospital discharge records for the years 2004 to 2007. For each hospital stay we

observe the ICD-10 diagnosis code, the patient’s health insurance provider, and the exact

dates of admission and discharge. The Chilean health ministry collects these records from all

hospitals in the country. We classify a hospital stay by major type of diagnosis according to

the first letter of the ICD-10 code.7 For estimation purposes, we select the ten most frequent

types of diagnosis and lump the remaining ones into an “other” category. The appendix

contains tables showing the distribution of these diagnoses. There are about 1.4 million men

in this data set.

51,000 CLP equal roughly 2 US dollars.
6Since the earnings data stem from SC records, only employees in the formal workforce are included.

There are about 5.6 million men aged 15 to 64 in Chile, so we capture the majority of the population.
7See http://www.icd10data.com/ICD10CM/Codes for a list of all ICD-10 codes.
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Both data sets contain individuals’ Rol Único Tributario (RUT) that acts as a unique

identifier for tax and other purposes in Chile. We match individuals’ monthly employment

records to hospital records on RUT and sex.8 We restrict the sample to men born between

1950 and 1980 and exclude men who became affiliated with SC after December 2003 to

ensure that we can observe a sufficiently long employment history before the health shock.

In addition, we drop men that were employed fewer than 24 months between 2002 and 2011

to eliminate individuals with weak ties to the formal labor market. Men who had a hospital

stay in 2004 are dropped from the sample. This restriction implies that a hospitalization

is a true health shock in the sense that an individual experienced no severe health events

in the previous year. To make the estimation more manageable, we draw a random 25

percent sample from the potential control group, i.e. men without a hospital stay. The final

estimation sample consists of 46,485 men with a hospital stay and 138,199 control group

members. To compare treatment and control group individuals before and after a health

shock in a difference-in-differences strategy, we have to assign a placebo health shock month

to members of the control group. We do so by randomly assigning a number between one and

36 to each man without a hospital stay, which corresponds to the months between January

2005 and December 2007.

We now describe the data we use for estimation. Columns (1) and (2) of Table 1 show

summary statistics for individual characteristics by treatment status. The two groups are

roughly similar with the treatment group being slightly older and less educated. As in other

emerging economies, the levels of education are low in Chile, with over half of the sample

not having a high school degree. Labor market status in the month before the health shock

(t = −1) does not differ substantially between treatment and control group either. In addition

to employment in t = −1 we categorize employees by “blue collar” and “white collar” industry

and within-industry earnings tercile.9

Next, we turn to a more detailed look at health shock frequencies and characteristics by

education. Panel A in Table 2 shows the fraction of men in our sample who were hospitalized

between 2005 and 2007, both overall and by industry in t = −1. There is a clear gradient by

education with 8.2 percent of men without a high school degree, 7.4 percent of high school

graduates, and 6.8 percent of those with post-secondary education experiencing a health

shock. This gradient mostly persists when conditioning on industry.

Panel B in Table 2 displays the distribution of health shock characteristics by education.

External health shocks such as car and workplace accidents are more common among the less

8We carried out all empirical analyses on a secure server at the Chilean finance ministry. The authors are
not able to identify individuals from the matched data. The project was granted IRB approval by Queen’s
University.

9We proxy occupation, which we do not observe directly, by assigning each employee to an industry that
tends to have more blue collar or white collar jobs. In addition, we use earnings tercile within the two industry
categories to capture different types of occupations.
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educated while those with post-secondary education are more likely to suffer from diseases

of the circulatory system and cancer. The severity of hospital stays, measured in days spent

in the hospital, is higher for men with lower educational attainment. The proportion of men

staying more than two weeks is double for those without a high school degree compared to the

post-secondary education group. This pattern applies to the initial hospital stay and to the

sum of days spent in the hospital for the same diagnosis within one year of the initial health

shock. Finally, we report the fraction of men enrolled in FONASA and ISAPRE. While most

men without a high school degree are enrolled in FONASA A or B due to their low income,

almost half of those with post-secondary education are ISAPRE members. Hence, there is a

strong positive correlation between education and better health insurance coverage. In the

regressions that follow, we control for health insurance provider in order to avoid attributing

the effect of better health care to education.

Overall, Table 2 shows that higher education levels are associated both with fewer and

less severe health shocks. Hence, our first conclusion based on this descriptive evidence

is that education has a protective effect as it lowers the propensity of health shocks, and in

particular more severe shocks. In the analysis in Section 4, we investigate if higher educational

attainment also leads to better labor market outcomes following a health shock.

Finally, we describe the outcome variables to provide a sense for their magnitudes and

some preliminary evidence for the effect of health shocks. We are interested in the effects

of health shocks on both the extensive and intensive labor supply margins. To measure the

extensive margin, we use an indicator for whether an individual was employed in a given

month. Since the data do not contain hours worked, we use monthly earnings to capture

the intensive margin. In particular, we take log-earnings, so the earnings regressions are

conditional on employment (non-zero earnings). Last, we investigate the aggregate effect of

health shocks on the individual’s financial situation by summing up monthly earnings during

the one or two years before and after the health shock, respectively, and dividing by average

monthly earnings in the same group. Formally, they are defined as

%WS+

i =

∑S
s=1Wi,s

W̄C
g(i),0

and %WS−
i =

∑−1
s=−S Wi,s

W̄C
g(i),0

, (1)

where Wi,s represents monthly earnings of person i in month s before or after the health

shock, W̄C
g(i),0 is average monthly earnings in the month of the placebo health shock for

control individuals in the same group g(i) as person i, and S = {12, 24}. Groups are defined

by age, education, and industry. Hence, we interpret %WS+

i and %WS−
i as the number of

months worth of earnings within one or two years compared to the average person in his

group.10

10For example, %WS+

i = 10 would indicate that this person earns 10 months worth of average monthly
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Table 3 shows average employment and earnings for treatment and control groups before

and after the health shock. Overall, between 70 and 75 percent of men are employed in any

given month and average monthly earnings are around 250,000 and 350,000 pesos. Using the

summary statistics in this table, we can construct an unconditional difference-in-differences

estimate. The effect of a health shock an employment is about −6.6 percentage points and

the effect on monthly earnings equals −19,000 pesos or about 40 US dollars. These are only

rough estimates that do not account for other factors, but they provide some first evidence

that health shocks reduce employment and earnings. The average earnings measures defined

in equation (1) also indicate a financial loss due to health shocks within one and two years.

Specifically, the average health shocks leads to a loss of 0.4 monthly earnings within the first

and of about 0.75 monthly earnings within two years after the health shock.

3 Methodology

The main challenge in estimating the causal effect of health shocks on labor market outcomes

is the fact that these shocks are not randomly assigned. Instead, individuals who suffer a

health shock may differ observably and unobservably from the control group. We combine

three strategies that deal with heterogeneity and therefore allow us to interpret our esti-

mates as causal effects. First, we weight the data using estimated propensity scores to make

treatment and control groups observably similar.

Second, we use a difference-in-differences (DID) strategy and individual fixed effects (FE)

to account for time-invariant unobserved heterogeneity. The DID approach is only valid under

the common trends assumption. Here, the common trend refers to labor market outcomes

before the health shock. Since we observe these outcomes for up to five years we can easily

test this assumption. In addition to DID regressions we also include individual FE. This

approach can be seen as a generalization of DID where the constant term in the regression

does not only differ between treatment and control group but rather by individual. A crucial

assumption for the FE estimates to be valid is strict exogeneity of the health shock. While

we cannot completely rule out that individuals anticipate health shocks and therefore adjust

their labor supply, we use the third strategy to exclude health shocks that may be anticipated.

The third strategy consists of excluding individuals from our sample who were hospi-

talized in 2004, the first year of the hospital records. Hence, each treated individual was

relatively healthy for at least one year prior to being admitted to a hospital.11 To the extent

that a hospital stay, which does not follow an earlier inpatient visit, represents new informa-

earnings in his group during the year following a health shock.
11Ideally, we would also like to observe their outpatient doctor visits and other health care use, but our data

are limited to hospital stays, so we can rule out severe health events during the year before the hospitalization
that we use as a health shock.
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tion about a person’s health, these health shocks are not anticipated and therefore strictly

exogenous.

3.1 Propensity Score Weighting

In this section, we describe our weighting procedure using the propensity score. The goal is

to make treatment and control groups similar based on observable covariates that are pre-

determined at the time of the (placebo) health shock. Using monthly earnings data, we can

flexibly account for labor market outcomes before the health shock. Hence, in addition to

individual characteristics such as age and education, we also include employment, earnings,

and industry up to one year before the health shock in the propensity score covariates.

Imbens (2014) stresses the importance of the design stage and in particular of the overlap

of the covariates that enter the propensity score. We follow his suggestion and check the

overlap of covariates between treatment and control groups using normalized differences.12

The normalized difference for covariate Zk is defined as

∆Zk =
Z̄T
k − Z̄C

k√
0.5(S2

ZT
k

+ S2
ZC
k

)
,

where Z̄T
k and Z̄C

k is the sample mean of Zk in the treatment and control group, respectively,

and S2
ZT
k

and S2
ZC
k

are the corresponding sample variances. Column (3) in Table 1 shows

the normalized differences for select covariates including labor market status in the month

preceding the health shock.13 All of them are below 0.1 and hence well below the rule of

thumb value of 0.25 suggested by Imbens and Wooldridge (2009). Hence, the overlap between

treatment and control group is good. In other words, individuals with and without health

shocks are not very different even before weighting, including pre-treatment outcomes. This

similarity is reassuring as it implies that we do not have to rely solely on propensity score

weighting to equalize observables between the two groups. Moreover, it lends support to the

common trends assumption that is necessary for our DID strategy.

To estimate the propensity score of a health shock we use a logit regression that includes

the covariates from Table 1 plus employment status for 12 months before the health shock and

detailed industry in the month preceding the health shock.14 After estimating the propensity

score we also check overlap between treatment and control group by examining the distribu-

tion of the estimated propensity scores by treatment status. Figure 1, which displays kernel

density estimates of the propensity score distribution, shows that the overlap is very good.

12Using normalized differences to check the overlap is preferred to t-statistics because the former are
independent of sample size.

13The appendix contains the normalized differences for all covariates that enter the propensity score, in-
cluding employment status for 12 months before the health shock and detailed industry in month t = −1.

14The appendix contains the estimation results.
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In other words, the distribution of the estimated propensity of a health shock conditional

on observables is almost identical in the treatment and control groups. The good overlap is

further illustrate when we trim the sample to exclude treated individuals whose propensity

score is below the minimum or above the maximum propensity score in the control group

and vice versa. We only exclude 18 individuals out of over 180,000 due to this restriction.

While there are many possibilities to match treatment and control group members based

on the propensity score, Busso, DiNardo, and McCrary (2014) show that using inverse propen-

sity score weights (IPSW) leads to a relatively small bias if the overlap between treatment

and control group is good. We therefore use the estimated propensity score to calculate the

IPSW as follows:

ŵATE
i =

Ti

p̂i(Zi)
+

1− Ti

1− p̂i(Zi)
, (2)

where p̂i(Zi) is the estimated propensity score conditional on covariates Zi and Ti = {0, 1} is

the treatment indicator for having any health shock. When weighting the data by ŵATE
i , the

difference between treatment and control outcomes corresponds to average treatment effects

(ATE) (?). We weight the regressions described in the following section by the ISPW.

3.2 Outcome Regressions

We estimate the effect of health shocks on the labor market outcomes employment, monthly

log-earnings, and the total earnings measure defined in equation (1) in Section 2.2 above. To

analyze the effect of educational attainment on the labor market effects of health shocks, we

first estimate DID regressions as follows:

Yit = β1Ti +
∑
k

βk
2TiE

k
i + β3Pt +

∑
k

βk
4PtE

k
i

+ β5TiPt +
∑
k

βk
6TiPtE

k
i +X ′

iγ + δt + uit, (3)

where Yit is the labor market outcome of individual i in month t. Ti = 1{Hi = 1} is the

treatment indicator for any health shock, Pt = 1{t ≥ 0} is the indicator for months after

the (placebo) health shock, and Ek
i = 1{Ei = k} denotes that individual i has a high school

degree (k = 2) or some post-secondary education (k = 3). The vector of control variables

Xi contains age and age squared at the time of the health shock, educational attainment,

labor market status and industry in the month before the health shock (t = −1), employment

status for the each of the 12 months before the health shock, health insurance provider for the

treatment group, and indicators for year and month when the health shock occurred. Finally,

we include a dummy variable for each year-month of our sample period (δt). The parameters

of interest are the βs for the treatment-post interactions: β5 for individuals without a high

school degree and βk
6 , k = 2, 3 for men with a complete high school or some post-secondary
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education, respectively. These coefficients correspond to ATEs since we weight the data by

the IPSW defined in equation (2). We estimate regression (3) using OLS and FE. In the

latter case, we exclude the time-invariant variables Ti, TiE
k
i , and Xi.

By testing the hypothesis H0 : βk
6 = 0, k = 2, 3 in regression (3), we can determine if

education reduces the negative effect of health shocks on labor market outcomes. That is, we

expect β5 < 0 and βk
6 > 0, k = 2, 3. However, these results do not tell us if the positive effect

of education is due to educational attainment per se or to different health shock characteristics

(see Table 2). Therefore, we also interact the treatment, post-shock, and education variables

in regression (3) with the type of diagnosis and the length of stay.15 Now the treatment

variable is defined as Hj
i = 1{Hi = j}, where j denotes health shock categories (four length

of stay ranges and ten major diagnoses). Hence we estimate

Yit =
∑
j

βj
1H

j
i +

∑
j,k

βj,k
2 Hj

i E
k
i + β3Pt +

∑
k

βk
4PtE

k
i

+
∑
j

β5H
j
i Pt +

∑
j,k

βj,k
6 Hj

i PtE
k
i +X ′

iγ + δt + uit. (4)

In addition to health shock characteristics, better educated individuals may also experience

smaller decreases in employment and earnings because they hold different types of jobs. We

proxy occupation by whether an employee works in a blue collar or white collar industry and

by the within industry earnings tercile.16 We estimate the following regression:

Yit =
∑
j

βj
1TiS

j
i +

∑
j,k

βj,k
2 TiS

j
iE

k
i +

∑
j

βj
3PtS

j
i +

∑
j,k

βj,k
4 PtS

j
iE

k
i

+
∑
j

βj
5TiS

j
i Pt +

∑
j,k

βj,k
6 TiS

j
i PtE

k
i +X ′

iγ + δt + uit, (5)

where Sj
i = 1{Si = j} is an indicator for labor market status (i.e. industry-earnings tercile

category) j. We also estimate these regressions using OLS and FE. Again, we are interested

in the DID parameters βj
5 and βj,k

6 in regressions (4) and (5). We can then determine if

the mitigating effect of eduction in the relationship between health shocks and labor market

outcomes disappears when interacted with health shock or job characteristics. In particular, if

education has no effect other than leading to less severe health shocks and allowing individuals

to hold jobs where they can deal with health problems more easily, we expect that the

coefficients β̂j,k
6 become insignificant.

Regressions (3), (4) and (5) constrain the treatment effects to be constant over time. It

is likely, however, that the labor market effects of health shocks change over time. Making

15We use the total length of stay in a hospital during one year following the initial health shock for stays
that are due to the same diagnosis as the initial hospitalization.

16See Table 1 for a list of these labor market status categories.
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use of our monthly earnings data, we can estimate such time-varying treatment effects over

the short and long run. In particular, we let treatment effects vary on the monthly level

during the first year after the health shock and annually for subsequent years. We replace

the post-shock indicator Pt by health shock-lag variables Lt accordingly, and our baseline

regression becomes

Yit = β1Ti +
∑
k

βk
2TiE

k
i +

∑
s

βs
3L

s
t +

∑
s,k

βs,k
4 Ls

tE
k
i

+
∑
s

βs
5TiL

s
t +

∑
s,k

βs,k
6 TiL

s
tE

k
i +X ′

iγ + δt + uit, (6)

where s = {0, 1, 2, . . . , 12, [13, 24], [24, 36], [37, 48], [49, 60], [61, 83]} denotes the number of

months that have passed between the health shock and month t and Ls
t = 1{Lt = s}.17

Similarly, we estimate regressions with interactions by health shock characteristics and labor

market status as follows:

Yit =
∑
j

βj
1H

j
i +

∑
j,k

βj,k
2 Hj

i E
k
i +

∑
s

βs
3L

s
t +

∑
s,k

βs,k
4 Ls

tE
k
i

+
∑
j,s

βs
5H

j
i L

s
t +

∑
j,s,k

βj,s,k
6 Hj

i L
s
tE

k
i +X ′

iγ + δt + uit (7)

and

Yit =
∑
j

βj
1HiS

j
i +

∑
j,k

βj,k
2 HiS

j
iE

k
i +

∑
j,s

βj,s
3 Ls

tS
j
i +

∑
j,s,k

βj,s,k
4 Ls

tS
j
iE

k
i

+
∑
j,s

βj,s
5 HiS

j
iL

s
t +

∑
j,s,k

βj,s,k
6 HiS

j
iL

s
tE

k
i +X ′

iγ + δt + uit. (8)

In the results section below we report the estimated ATEs β̂j,s
5 and β̂j,s,k

6 by time passed

since the health shock as well as by educational attainment and health shock or labor market

categories.

4 Results

4.1 Graphical Analysis

Before discussing the regression results, we provide graphical evidence for how the effect of

health shocks on labor market outcomes varies by educational attainment. Figure 2 plots

monthly employment rates relative to the month of the (placebo) health shock for treatment

17We follow individuals until December 2011, so the longest follow-up period for someone who incurred a
health shock in January 2005 is 83 months.
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and control group. The employment data are weighted by the IPSW defined in equation

(2), so we can interpret the vertical difference between employment rates of treatment and

control group as the time-varying ATE of a health shock.18 First, we note that the propensity

score weighting works very well, so pre-treatment employment rates of treatment and control

group are identical for each education category. Second, we find that health shocks have

an immediate and substantial effect on employment rates. This negative effect decreases a

little over time, but even four years after the health shock, men in the treatment group are

substantially less likely to be employed. Finally, we can provide a first answer to our research

question about the role of education in the relationship between health shocks and labor

market outcomes. Men without a high school degree decrease their employment by about six

percentage points immediately after the health shock while high school graduates and those

with post-secondary education see their employment fall by four and two percentage points,

respectively. Hence, there is clear evidence that education has a protective effect. In the

following subsections, we explore to what extent this education differential can be explained

by other factors such as health shock characteristics.

In Figure 3, we plot monthly log-earnings by treatment status and education attainment.

Hence, these graphs show the effect of health shocks on the intensive labor supply margin

conditional on employment. In contrast to the extensive margin effects shown in Figure

2, the effects for all education groups are much smaller. There is an earnings decrease of

about 20 percent in the month of the health shock for men without a high school degree,

but in the following months, earnings in the treatment group catch up with earnings in the

control group. Overall, there does not seem to be a significant longterm effect of health

shock on earnings conditional on employment. For individuals with a high school degree or

post-secondary education the initial drop in earnings is even smaller.19

Given the evidence presented in Figures 2 and 3, we can already draw two important

preliminary conclusions. First, men adjust their labor supply mostly at the extensive margin

in response to a health shock. This finding suggests that they either stop working completely

after a hospitalization and return to work very slowly, or they remain employed and do not

reduce their labor supply at least after the first month. In the regressions below, we can

investigate if this pattern persists when we control for health shock characteristics. Second,

we find strong evidence for a protective effect of education. In other words, the higher

an individual’s educational attainment, the less he reduces his labor supply at the extensive

margin. We cannot attribute this effect to education per se or to differential health shock and

job characteristics between education groups yet, but we are able to do so in the regression

18Here we aggregate over all types of diagnoses, but the regression results below treat health shocks as
heterogeneous based on diagnosis and severity.

19The pre-treatment earnings of men with post-secondary education are not perfectly matched between
treatment and control group, which is due to the fact that we do not include earnings but only employment
in the propensity score. The common trends assumption is still satisfied, however.
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analysis below.

4.2 Difference-in-Difference Regressions

We now turn to the results from estimating the DID regressions (3), (4), and (5), i.e. the

long-run effects of health shocks. All regressions are weighted by the IPSW in equation (2)

and control for a quadratic in age at the (placebo) health shock, education, labor market

status (earnings tercile by blue/white collar industry), detailed industry in the pre-shock

month, employment for the 12 months before the health shock, health insurance provider

(FONASA A, B, C, D, and ISAPRE) for the treatment group, health shock calendar month

and year dummies, and a flexible time trend (dummies for each sample month). Standard

errors in all regressions to follow are clustered on the individual level. We focus on the ATE

estimates, i.e. the coefficients β5 for the ATE for men without an educational degree and

β2
6 and β3

6 for high school graduates and men with post-secondary education, respectively,

in the regressions above. When investigating if the effect of education can be explained by

heterogeneity in health shock or job characteristics, these coefficients are indexed accordingly.

Table 4 contains our baseline results for all labor market outcomes considered here. For

completeness, we report not only the ATE estimates, but also the coefficients on treatment

and post-shock dummies as well as on the education interactions. The first column shows

the results from estimating regression (3) using OLS. The ATE estimates confirm the graph-

ical evidence discussed above. First, there is a significant reduction in employment for all

educational groups. These estimates are all significant at a p-value below 0.001. Second,

men without a high school degree reduce their employment by 4.6 percentage points after

the health shock while those with a high school degree and post-secondary eduction reduce

employment by 2.9 and 2.3 percentage points, respectively.20 Hence, the regression result

confirms the protective effect of education. The second column in Table 4 reports estimates

for the same regression obtained using individual fixed effects. The estimates are virtually

identical to those obtained via OLS. This similarity is reassuring because it implies that we

do not have to rely on individual fixed effects and the associated assumption to obtain valid

estimates for the causal effect of health shocks on labor market outcomes.21

While there is strong evidence for the negative effect of health shocks on labor supply at

the extensive margin, column (3) in Table 4, which contains the regression results for monthly

log-earnings, shows that the effect at the intensive margin is smaller, confirming the finding

from Figure 3. The ATE for the no high school group amounts to a 1.3 percent reduction in

monthly earnings due to health shocks. While the point estimates for the difference in ATE

20The difference between the no high school group and high school graduates and men with post-secondary
education, respectively, is statistically significant, but the difference between the two latter groups is not.

21Due to this similarity we do not report FE estimates for the earnings outcomes.
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between the higher education groups and the baseline are positive, indicating a protective

effect of educational attainment, they are not statistically significant.

In the last two columns of Table 4, we are interested in the total financial effect of health

shocks over the one and two years following the health shock. This effect combines the

extensive and intensive margins and quantifies the overall health shock effect on earnings.

The outcome variable here is the number of months worth of average group earnings defined

in equation (1). Hence, we interpret the ATE estimates as the number of months worth of

earnings that men lose due to a health shock within the one or two years after the shock.

For example, for men without a high school degree, we find a significant effect of about −0.5,

implying that these men lose on average half a month worth of earnings during the year after

the shock. Similarly, the they lose 1.2 months during the two-year interval. Men with higher

levels of education lose significantly fewer months of earnings.22 Those with post-secondary

education, for instance, lose only 0.4 months worth of earnings during the two years after a

health shock. Hence, when considering the overall earnings loss due to health shock we see

a strong protective effect of education. However, combined with the results on employment

and monthly log-earnings, it is clear that this loss mostly comes from men being less likely

to work at all after a health shock.

Given the evidence that individuals with higher levels of education experience a lower re-

duction in employment and total earnings after a health shock, we now ask if this protective

effect of education may be due to the fact that highly educated men suffer less severe shocks

or work in jobs where they can deal with the effects of health shocks more easily. In other

words, we test if the positive effect of education disappears when conditioning on health shock

and job characteristics. First, we consider heterogeneity by diagnosis. We divide hospital

stays into the ten most common broad diagnosis categories. Table 5 contains the estimation

results for employment, monthly log-earnings, and total earnings. There is considerable het-

erogeneity in the ATEs of different health shocks on employment independent of education.

For example, a hospital stays for treatment of neoplasms (cancer and other tumors) leads to a

17 percentage point reduction in employment rates among men without a high school degree

while a health shock due to external causes (for example accidents) only reduces employ-

ment by 2.7 percentage points for this group. For roughly half of the diagnoses categories,

we still find a significant protective effect of higher education levels. Among men that are

hospitalized for cancer treatments, those with a high school degree and post-secondary edu-

cation reduce their employment by 8.4 and 4.6 percentage points, respectively. Hence, while

the education gradient in the employment effects of health shocks diminishes to some extent

when conditioning on diagnosis, it is still present particularly for more severe types of health

shocks. We draw a similar conclusion for the earnings outcomes considered in Table 5.

22Recall that the earnings months are relative to average earnings in a comparison group that is defined
by education among other variables.
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The second health shock characteristic we consider in this context is the shock severity

proxied by the total length of stay (in days) for the same diagnosis as the initial hospital

stay within 12 months following the begin of the first hospitalization.23 Table 6 shows the

estimation results for four length of stay categories. First, we find larger negative effects on

employment and earnings with longer hospital stays. For example, the decrease in employ-

ment rates for men without a high school degree range from three to 13 percentage points and

monthly earnings decrease by zero to seven percent depending on length of stay. Second, we

still see significant effects of education. While men with more educational attainment have

shorter hospital stays (see Table 2), this relationship does not explain the protective effect

of education. In contrast, for men who stay more than two weeks, having post-secondary

education leads to a reduction in employment rates that is eight percentage points lower

than among men without a high school degree. Again, these effects are constrained to the

extensive margin as we do not see significant effects in the monthly log-earnings regression.

Overall, we find that differences in health shock characteristics by educational attainment do

not explain the fact that highly educated men reduce their labor supply less than men with

lower education following a health shock.

Another explanation for the observed protective effect of education is a potential difference

in job characteristics by education. For example, men who work in highly paid jobs in a

“white collar” industry may cope with a health shock more easily. These men can work in

their occupations if they are limited by an adverse health event and they may also have the

necessary means to purchase medical services that improve or speed up the healing process

after a health shock. To test this hypothesis, we condition on earnings tercile within blue

and white collar industries. Table 7 reports the estimates that correspond to regression (5)

above. Among men without a high school degree, the effects of a health shock vary by industry

and earnings tercile. In particular, for men working in white collar industries, the decrease

in employment rates is smaller for those earning higher earnings before the health shock.

However, for men working in blue collar industries, this relationship is reversed. To answer

the question how education and job characteristics interact, we focus on the β̂6-coefficients.

These estimates are mostly insignificant in column (1) of Table 7. This finding holds in

particular for men who work in blue collar industries across all pre-shock earnings terciles.

On the other hand, education has a significant effect among men employed in white collar

industries. For example, men who are in the lowest pre-shock earnings tercile in white collar

industries reduce the employment the most if they do not have a high school degree compared

to all other job-education cells (by 6.4 percentage points). If they work in the same job

category and have higher educational attainment, they reduce their employment significantly

less (by 3.5 percentage points for high school graduates and not at all for men with post-

23We also restricted length of stay to the initial hospitalization, and the results are similar to ones reported
here.
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secondary education). A possible explanation is that men who work in a low paying manual

job in a white collar industry have fewer opportunities to move to another occupation within

the same firm or industry that can accommodate their health problems unless they have

higher levels of eduction.24 With regards to earnings, we find that higher levels of education

reduce the decrease due to health shocks for some but not all job categories. Hence, we can

explain the protective effect of education to some extent by occupational sorting.

In sum, the estimation results from the DID regressions show a clear picture. First,

men with higher levels of education reduce their long-run employment by less than those

without educational attainment. This protective effect of education mostly plays a role at

the extensive labor supply margin. The financial implications of this effect are substantial

with highly educated men losing about half a month worth of earnings on average in the two

years after a health shock compared to 1.2 months for those without a high school degree.

Second, when we condition on health shock characteristics, we find that the protective effect

mostly remains, implying that it is not the differences in health shocks by education that

drive the results. On the other hand, job characteristics explain the education effects to

some extent, but not completely. These results indicate that higher levels of education allow

individuals to work in “better” jobs where they can cope with the effects of health shocks more

easily, but different types and severity levels of health shock do not explain the protective

effect of education.

4.3 Employment Regressions With Health Shock Lags

After the long-run effects estimated by simple DID regressions, we now turn to dynamic

treatment effects by estimating regressions (6), (7), and (8). These results are important

because they show how individuals change their labor supply over time after suffering a

health shock. We present the results in this section in graphical form to ease interpretation.

Figure 4 shows the estimated effects of health shock lags on employment by educational

attainment. We estimate monthly effects for the first year after the shock and annual effects

for the following four years. The indicated significant differences in the graphs for high

school graduates and men with post-secondary education refer to β̂s,k
6 in regression (6) being

statistically significant. That is, for the indicated lags, education leads to different effects of

health shocks on employment. The results in Figure 4 confirm the DID results discussed above

and provide additional insights about the timing of the health shock effects. In particular,

higher levels of education lead to smaller reductions in employment for all time periods

after the health shock. Another interesting finding is the fact that the large initial drop in

24Ideally, we would like to observe occupations before and after the health shock, but this information does
not exist in the monthly earnings data.
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employment is missing for men with post-secondary education. Hence, these individuals cope

with health shocks much more easily especially in the first few months.

Following the reasoning above, we now check if conditioning on health shock and job

characteristics affects this education gradient. Figures 5 and 6 plot ATEs by education and

diagnosis and total length of stay, respectively. We find a similar shape for the time-varying

ATEs as before with more educated men having smaller absolute employment reductions.

We also find that the differences between ATEs by education are not significant for most of

the diagnoses and some length of stay categories. For labor market status in t = −1, shown

in Figure 7, we find similar patterns. Hence, when considering dynamic treatment effects, we

find that the role of education clearly matters, but there is mixed evidence about the actual

pathways. To some extent, education per se acts in a protective manner, but there is also

evidence that this effect operates through less severe health shocks and more favorable work

conditions associated with higher educational attainment.

5 Conclusion

In this paper, we investigate the role education in determining labor market effects of health

shocks. Using administrative earnings and hospital data from Chile, we find that men with

higher levels of education reduce their employment less after a health shock than their less

educated counterparts. Highly educated individuals have lower total earnings losses after a

health shock, but the latter effect is mostly due to a decrease in labor supply at the extensive

margin. Finally, we find that differential health shock and job characteristics explain only a

part of the observed education gradient.

These result are relevant because they illustrate the potential gains that can be realized

in an emerging economy such as Chile when education levels are increased. Through higher

levels of education, individuals do not only obtain higher wages, but are also able to deal with

health shocks more easily. This protective effect operates through various channels. Highly

educated individuals qualify for jobs that expose them to fewer unsafe working conditions,

thereby lowering the frequency and severity of health shocks. Moreover, they can afford

better health care should a health shock occur, and finally, they possess the general human

capital that enables them to switch jobs if necessary after a health shock.

While we provide evidence for these protective effects of education, it will be interesting

to further investigate these channels in more detail in future work. In particular, in adding

data on outpatient healthcare, it would be possible to account for healthcare utilization

outside of hospitals. For example, it is possible that better educated individuals use more

preventive care. Another potential extensions is the analysis of the role of eduction and

health in occupational choice.
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Figure 5: Time-Varying Average Treatment Effects by Education and Diagnosis
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Table 2: Health Shock Frequencies and Characteristics by Educational Attainment

No high school High school degree Post-secondary

A. Fraction of men with health shock

Total 0.0818 0.0743 0.0682

By industry in t = −1

Not employed 0.0866 0.0725 0.0550
Agriculture, fishing 0.0892 0.0798 0.0839
Mining 0.0998 0.103 0.102
Manufacturing 0.0765 0.0756 0.0681
Construction, transportation 0.0760 0.0722 0.0712
Wholesale, retail, restaurants 0.0747 0.0702 0.0682
Finance, real estate 0.0770 0.0720 0.0700
Education, health 0.0962 0.0894 0.0728
Missing industry 0.0811 0.0761 0.0694

Observations 101,025 59,635 24,024

B. Health shock characteteristics

Diagnosis

External causes 0.289 0.249 0.176
Digestive system 0.243 0.266 0.250
Circulatory system 0.0711 0.0787 0.0850
Genitourinary system 0.0562 0.0644 0.0850
Neoplasms 0.0275 0.0306 0.0462
Musculoskeletal system 0.0606 0.0753 0.0923
Respiratory system 0.0553 0.0523 0.0614
Mental/behavioral 0.0381 0.0340 0.0289
Endocrine/metabolic 0.0127 0.0113 0.0151
Skin/subcutaneous 0.0326 0.0276 0.0259
Other 0.114 0.111 0.134

Length of stay of first hospitalization

1 day 0.300 0.351 0.441
2 to 7 days 0.529 0.504 0.473
8 to 14 days 0.112 0.0978 0.0570
15+ days 0.0584 0.0476 0.0289

Length of stay of all hospitalizations for same diagnosis within one year

1 day 0.263 0.316 0.405
2 to 7 days 0.529 0.503 0.483
8 to 14 days 0.126 0.113 0.0717
15+ days 0.0819 0.0680 0.0406

Health insurance provider

FONASA A 0.279 0.204 0.0928
FONASA B 0.342 0.275 0.129
FONASA C 0.157 0.183 0.101
FONASA D 0.179 0.232 0.192
ISAPRE 0.0434 0.106 0.486

Observations 26,555 14,489 5,441

Notes: Panel A. shows the fraction of men who had at least one hospitalization between
2005 and 2007 (the treatment group) by education attainment overall and the same
fraction separately for each industry, in which they were employed in the month prior
to the health shock. Panel B. shows the distribution of health shock characteristics
along several dimensions for men who had at least one hospitalization, by educational
attainment.



Table 3: Labor Market Outcomes by Treatment and Control Group Before and After the
Health Shock

Treatment Control

Before After Before After

Employed 0.719 0.701 0.733 0.745
(0.449) (0.458) (0.442) (0.436)

Monthly earnings 241.8 318.8 278.3 336.3
(312.2) (417.4) (347.0) (401.3)

Months worth of earnings within ±1 year 10.71 11.30 10.42 11.40
(8.064) (8.729) (7.703) (8.248)

Months worth of earnings within ±2 years 19.86 22.38 19.56 22.84
(15.02) (17.30) (14.50) (16.55)

Observations 1817999 3122527 10346908 9189052

Notes: Months worth of earnings are defined in equation (1) in the text.
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