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This paper focuses on the relation between health shocks and the onset of a disability and employment outcomes.
We estimate an event-history model using data from the British National Child Development Study (NCDS),
where accidents causing a unscheduled hospitalization are the measure for unanticipated health shocks. Our re-
sults show that experiencing such a health shock substantially increases the likelihood of the onset of a disability,
while it does not have direct effects on employment at later ages. Thisfinding is used to simulate the causal effects
of the onset of a disability on later employment outcomes. These simulations show that about two-third of the
association between disability and employment can be explained by the causal effect of the onset of a disability
on employment. The remaining one-third is selection. For men and lower-educated workers the association is
mainly explained by the causal effect, while for women selection is more important.

© 2016 Elsevier B.V. All rights reserved.
1. Introduction

A substantial share of the working age population in the industrial-
ized world suffers from a long standing illness or disability that restricts
in daily activities and/or work (Dupre and Karjalainen, 2002). Disability
prevalence rates are already high at relatively young ages. For instance,
in the UK around 5% of the 20–24 year old have a long standing disabil-
ity and this number increases to around 13% for the 40–44 year old and
28% for those aged 55–59 (Berthould, 2006). Similar disability rates are
found for the US (Kapteyn et al., 2007). Disability is associated with
higher benefit take up, poverty and lower employment rates.
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This paper focuses on the causal effect of the onset of a long standing
illness or disability on employment. Employment rates are much lower
for disabled workers. For instance, according to the UK Department for
Work and Pensions in 2012, 46.3% of the working age disabled were
employed, while this was 76.4% for the non-disabled. Similar
employment gaps exist for other countries (e.g. Von Gaudecker et al.,
2011, for the Netherlands). This large employment gap is of direct im-
portance for policies that intend to prevent the onset of disabilities
and to increase the labor market prospects of people with disabilities,
such as the UK's Disability Discrimination Act (DDA) or the Americans
with Disability Act (ADA). Deleire (2000), Acemoglu and Angrist
(2001) and Hotchkiss (2003) study the employment effects of the
ADA and Bell and Heitmuller (2005) the employment effects of DDA.
If the size of the causal effect of disability on employment is large,
then the potentials for programs aiming to reduce the impact of disabil-
ity on employment are large. DDA and ADA are examples of such pro-
grams. Besides disability, an individual's employment status strongly
depends on demographic and socioeconomic factors. Therefore, for pol-
icy purposes it is important to know how much of the difference in
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employment rates of disabled and non-disabled workers can be as-
cribed to background characteristics and howmuch to the direct causal
effect of disability.1

The issue is also of interest for the large literature on the association
between socioeconomic status and health (see e.g. Smith, 1999, for a
survey). Even though many economic and epidemiological studies
have established a strong positive association (‘gradient’) between
health and socioeconomic status, little is known about causal mecha-
nisms. Assessing causal relations with observational data is non-trivial.
Not only may there be direct effects of health (disability) on socioeco-
nomic status and the other way around, but also unobserved individual
specific effects can relate to both health and work. Therefore, indepen-
dent variation in health is required to assess its causal effect on work.

We use accidents that have caused a visit to a hospital, an outpatient
facility or a casualty department as a measure for unanticipated health
shocks. These accidents include, for example traffic accidents, work
place accidents, heart attacks and sport injuries. Such health shocks
contain new information to the individual and thereby provide some
unanticipated variation. We use this information to identify our model
for health shocks, disability and work and subsequently use the model
to simulate the causal effect of disability on employment and on the
importance of this causal effect in explaining the employment gap
that exists between the disabled and the non-disabledmodel. The unan-
ticipated nature of the shocks is important for the identification of the
model, but in our context this only means that the exact timing of the
accident is not known in advance. It does not rule out that individuals
may be aware that at some moments the risk of experiencing an acci-
dent may be higher than in other periods, for instance because this
risk depends on current employment status. Also we do not require
accidents to be exogenous, conditional on observable characteristics.
To be a bit more specific about the model, we construct a discrete-
time discrete-choice model for accidents, disability and work. The tran-
sition rates between disability and work states can be affected by acci-
dents and accidents can in turn be influenced by the individual's
employment and disability status. The three endogenous variables of
the model are related via unobserved components that remain fixed
across time. Identification of this kind of models has been discussed
extensively by Abbring and Van den Berg (2003) and Heckman and
Navarro (2007).

Our approach relates to a growing literature that uses (natural) ex-
periments to identify causal relations between socioeconomic status
and health. For instance, Lindahl (2005) used lottery prize winners
and Snyder and Evans (2006) used changes in the social security law
to assess the causal effect of income on health. They find small effects
of income on health. This is in agreement with Case and Deaton
(2005) and Smith (1998), who conclude that the larger part of the asso-
ciation between health and socioeconomics status at middle and older
ages is driven by an effect of health on socioeconomic status, rather
than the other way around. Møller-Danø (2005) uses a propensity
score and a difference-in-difference matching method to estimate the
causal effect of road injuries on income and employment. She finds
short and long-run effects of road accidents on employment status for
men, but not for women. Lechner and Vasquez-Alvarez (2011), García
Gómez and López Nicolás (2006) and Garcia-Gomez et al. (2013) use
matchingmethods to identify the effects ofwork limitations on employ-
ment and income. These papers find significant negative effects of
health on employment and income. There are some studies in develop-
ment economics that use field experiments to assess the effects of inter-
ventions affecting health on socioeconomic outcomes. For instance,
Miguel and Kremer (2004) evaluate a program of a school-based treat-
ment with a deworming drug in Kenya.
1 Like most studies in the field we focus on self-reported disability measuring restric-
tions in daily life (i.e. Berthould, 2006; Currie and Madrian, 1999). This avoids a mechan-
ical effect which disability insurance benefits receipt has on employment.
We estimate our model using data from the British National Child
Development Study (NCDS). The NCDS is a longitudinal study of around
17,000 individuals born in Great Britain in theweek of 3–9March 1958.
These individuals are followed from birth up to the year 2000, when
they were 42 years old. At age 40 already about 12% of the respondents
face a permanent disability and about 29% of these disabled are out of
work. In the full sample the association between disability and employ-
ment (the employment gap) is almost 23%-points. Our results show that
a health shock causally increases the probability of the onset of a disabil-
ity with 172%. However, because the health shocks are rare events, the
larger part of the onset of disabilities come from a gradual deterioration
in health. Furthermore, we find that health shocks affect an individual's
labor market status only indirectly through the onset of a disability.
Model simulations show that the causal effect of the onset of a disability
at age 25 on the employment rate at age 40 is−0.144.We find large dif-
ferences between males and females and high and low educated
workers. Male employment rates at age 40 are about 23%-points re-
duced due to a disability, while for females this is 12%-points. Employ-
ment rates at age 40 of low educated workers are reduced with 21%-
points, while for high educated workers this is only 9%-points. We
show that in the complete sample about two-third of the association be-
tween disability and employment can be explained by the causal effect
of the onset of a disability on employment. The remaining one-third is
selection. However, for women selection is more important in
explaining the association, while for men and lower educated workers
the association is mainly explained by the causal effect from disability
to work.

The structure of the paper is as follows. Section 2 discusses the the-
oretical background and the empirical model. Section 3 introduces the
NCDS data and reports on the variables used in the empirical part.
Empirical results are discussed in Section 4. Section 5 concludes.
2. Theoretical background and the empirical model

Health production models (Grossman, 1972) or related models (e.g.
Cropper, 1977; Ehrlich and Chuma, 1990; Sickles and Yazbeck, 1998;
Case and Deaton, 2005) assume that individuals inherit an initial stock
of health, which depreciates with age and increases with health invest-
ments. Individuals are rational agents who include expectations about
their health when making health investments (such as health care con-
sumption and work). If health trajectories are predictable, individuals
anticipate that and change their behavior accordingly. So an observed
change in labor market status that precedes a health transition can be
the result of anticipated behavior rather than labor market status caus-
ally affecting health. An unforeseen shock contains new information to
the individual and thereby provides some unanticipated variation in
health that is unrelated to work status.

In this paper, we consider accidents as unanticipated health shocks
providing new information to the individual. We will be more specific
about the definition of accidents in the next section when we discuss
the data. Such a health shock may cause the onset of a permanent dis-
ability or chronical condition. Here our approach differs from, for exam-
ple, Smith (2003) and Adams et al. (2003) who use the onset of a
chronic condition as a measure for health shocks. Health shocks occur
at differentmoments in life and, therefore, ourmodel should be dynam-
ic. A dynamic model also has the advantage that we can substantially
relax the requirements for accidents to be valid health shocks. Within
our dynamic model we do not restrict health shocks to be exogenous.
Instead we explicitly model the occurrence of a health shock and
allow unobservables to affect jointly the probability of experiencing a
health shock, the onset of disabilities and labor market outcomes. No
anticipation of health shocks means that people cannot fully predict
the exact timing of the occurrence of such a shock. An intuitive justifica-
tion of this assumption is that if people would know the exact timing of
having an accident in advance, it would be easy to circumvent having



3 We also tried including medium-run effects of health shocks and more flexible spec-
ification, where the effect of a health shock depends on the elapsed duration since the oc-
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the accident.2 This allows identifying the causal effects of the health
shock on the disability and employment status without exclusion re-
strictions or strong functional form restrictions. Abbring and Van den
Berg (2003) and Heckman and Navarro (2007) provide extensive dis-
cussions on the identification of causal effects in event-history models
and discrete-time discrete-choice models, respectively. We return to
identification issues later.

2.1. Empirical specification

The data contain individuals who were all born in the week of 3–9
March 1958. These individuals are followed from birth up to age 42.
We have constructed individual histories from themoment the individ-
ual leaves full-time education up to the end of the observation period.
For about 60% of the individuals we observe the complete history. We
assume that the attrition of the other individuals is exogenous (see
Section 3 for a justification of this assumption). The individual histories
contain yearly information on employment status and health status. Let
Sl(t) denote the individual's labor market status on his/her tth birthday,
which can either beworking (1) or non-working (0). Sincewe only start
following individuals after leaving full-time education, non-working
does not include full-time education. The variable Sh(t) denotes the
health status on the individual's tth birthday, which can either be dis-
abled (1) or non-disabled (0). The focus of the paper is on permanent
disabilities (and thus we ignore short-term limitations), which makes
disability an absorbing state. The health shock is denoted by the variable
A(t) which equals 1 if an individual experienced a shock at age t and 0
otherwise.

Our key variables Sl(t), Sh(t) and A(t) are observed yearly from the
moment that and individual leaves full-time education at age T0 and re-
mains participating in the surveys until age T1. So, for each individualwe
observe the occurrence of shocks and the transitions between four
different states: (1) employed/non-disabled, (2) non-employed/non-
disabled, (3) employed/disabled and (4) non-employed/disabled.
Because disability is an absorbing state, transitions from (3) and (4) to
(1) and (2) are ruled out. There are thus eight transitions possible.
Since the data are observed at specific moments in time, we use a
discrete-time discrete-choice model rather than, for example, a
continuous-time duration model. The main advantage is that the
model has the same time unit as the data, which avoids computational
difficulties. The disadvantage of a discrete-time model is that events
occur in real time and that we ignore possible dynamics within the
time period. In our model we allow annual transition probabilities be-
tween states to depend on current and past health shocks. Below we
sketch the setup of ourmodel, while details are provided in Appendix A.

Health shocks do not occur exogenously. For example, those at work
may be exposed to adverseworking conditions, whichmay increase the
risk of experiencing a health shock. Therefore, we allow the probability
of the occurrence of a health shock in time interval bt, t+1] to depend
on the individual's labor market and disability status at time t and
whether or not the individual experienced a health shock in the previ-
ous period. In addition we allow the health shock probability to depend
on observed characteristics at time t (x(t)) and a time-invariant unob-
served component va. The vector of observed individual characteristics
x(t) includes an intercept, a set of socioeconomics characteristics and a
fourth order polynomial in age. Recall that because all individuals in
the data are born in the sameweek, the polynomial in age also includes
calendar time effects such as business cycle fluctuations. We use a logit
specification to model the probability of an accident at age t.

Health shocks can affect the probability that individuals move be-
tween different disability and employment states in two ways. First,
there is an instantaneous effect, and second, we allow health shocks to
2 We used afixed effects panel datamodel to investigate if accidents are related to other
events such as graduation, but we could not find any strong evidence for this.
have a permanent long-run effect.3 Once an individual has experienced
a health shock, thismight affect his/her transition probabilities in all fol-
lowing years. Again we use logit specifications for the transition proba-
bilities between the different disability and work states and these logit
models depend again on observed characteristics at time t (x(t)) and
time-invariant unobserved components (v).

Because we use a separate logit specification for each possible tran-
sition, the impact of a health shock can be different for individuals in dif-
ferent employment and disability states. Health shocks are not only
related to the transition probabilities through these effects, but we
also allow for interdependence through the time-invariant unobserved
heterogeneity components. The unobserved component in the health-
shock probability va may be related to the unobserved components v
in the transitions probabilities. The latter accounts for endogeneity of
the health shocks. We use a random effects specification for the unob-
served heterogeneity, and in particular a so-called factor-loading speci-
fication to allow for correlations between the different unobserved
heterogeneity terms (see Appendix A for details). Since the model is
fully parameterized, we use maximum likelihood to estimate the
parameters. Appendix A shows the likelihood function.

Themain parameters of interest describe the effects of health shocks
on disability and work outcomes. A health shock is defined in our data
by a question whether an individual had “been admitted to a hospital
or attended a hospital outpatient or casualty department as a result of
any kind of accident”. To the individual, a health shock is an event
which cannot be anticipated. No anticipation in our context means
that transition probabilities prior to the occurrence of a health shock
are not affected by a future health shock and also not by the moment
at which this health shock will occur. For example, conditional on ob-
servables and unobservables the transition probabilities at age 25 are
the same if this individual experiences a health shock at age 26 or at
age 40. The health shock thus does not have any impact on transition
probabilities prior to the moment at which the individual has a health
shock. This does not imply that health shocks are exogenous or that
each individual has in each time period the same probability of a health
shock. It rather implies that individuals cannot foresee the exact mo-
ment at which a health shock occurs to them. So individuals might
know that in some periods the probability of a health shock is high,
for example when they are employed or as they get older.

The assumption that individuals do not anticipate the exactmoment
of arrival of the health shock plays a crucial role in the identification of
event history models. From the definition of health shocks (see
above), it is clear that this measure satisfies the condition that the
event cannot be anticipated. We refer to Appendix A for a more elabo-
rate, but intuitive explanation of the identification of our model.
Abbring and Van den Berg (2003) provide a formal discussion of identi-
fication in event history models.

However, a few issues are relevant. First, theremight be selectivity in
the decision to go to hospital after the occurrence of an accident. It is im-
portant to note that the UK has a National Health Care system and that
in principle health care is accessible for all.4 Of course, it remains an in-
dividual decision whether or not to go to hospital after an accident. For
example, an individual's socioeconomic status may affect the probabili-
ty that the individual visits the hospital after having experienced an
accident. Such differences are controlled for by the observed character-
istics and unobserved characteristics in the model for accidents. This
might also imply that the effect of a health shock is not the same for
all individuals. Therefore, we allow the health shock effect to depend
on both observables and unobservables. We return to this issue below.
currence of the shock. But this did not substantially improve the model.
4 It is possible to buy supplemental private health insurance. This private insurance al-

lows individuals to have more freedom in the choice of provider, to have a private room,
when hospitalized and to have shorter waiting times for specialized care. Only about
15% of the individuals have private insurance.



5 60% of the individuals in our sample are present in wave 4 (age 23), 5 (age 33) and 6
(age 42), 28% only in wave 4 and 12% in waves 4 and 5.
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Second, our definition of a health shock (see the next section) is that it is
an accident that leads to a hospital, outpatient or casualty department
visit. Accidents that did not directly lead to hospital visits are thus in-
cluded in the gradual deterioration of health. This also holds for health
events thatmay have caused hospital care in the longer run. The distinc-
tion between gradual and sudden changes of health, therefore, strongly
depends on the definition of the health shock variable. Of prime
importance for our empirical analysis is the causal effect of the onset
of a disability on employment and for this we require random variation
in the timing of health shocks. With this strict definition of a health
shock we ensure that this condition is satisfied.

Third, the size of the impact of a disability on employment is for an
important part determined by social insurances, and in particular dis-
ability insurance programs. Disability insurance is, like any other insur-
ance program, subject to moral hazard and, therefore, the eligibility
conditions and benefit level is important for exit rates out of employ-
ment into disability insurance. For an extensive overview of the UK dis-
ability insurance program over the years we refer to Banks et al. (2012).
Of relevance here is that UK disability insurance program is character-
ized by a flat rate (i.e. it is independent of previous earnings) that is
only about 15% of average income, making it one of the least generous
programs in developed countries. Also, over the period considered,
some changes in the program have been implemented. We are follow-
ing a single cohort over time and, therefore, in our model changes
over time will be picked up by the age variables.

Fourth, the identification results apply in our model to the effects of
health shocks on the disability and employment status. We are ulti-
mately interested is in the causal effect of the onset of a disability on em-
ployment. For this we need that health shocks do not have direct effects
on employment if the individual's health status remains unchanged.We
do not impose this assumption on our model, but our empirical results
(shown in Section 4), do indeed show that this is the case. The health
shock causes some variation in the disability status, which in turn is
used to identify the causal effect of the onset of a disability on employ-
ment status. We exploit this: after estimation of themodel we simulate
the model and derive estimates of the causal effect of the onset of a
disability on later employment outcomes (details of the simulations
are provided in Appendix C).

Besides this baseline specification of our model we also have esti-
matedmore elaborate models with heterogeneous health shock effects,
i.e. models where health shocks have different effects on males, or
where the impact may also vary with age and educational attainment
and even where the effects depend on the unobservables. None of the
parameters describing the differential effects of health shocks by gen-
der, age and education were individually significant, making it difficult
to draw strong conclusions (results available upon request). We, there-
fore, did not pursue this issue further.

3. Data

3.1. Sample

We use the National Child Development Study (NCDS), a longitudi-
nal study that follows about 17,000 individuals born in Great Britain in
the week of 3–9 March 1958. The study started as the “Perinatal
Mortality Survey” and surveyed the economic and obstetric factors
associated with stillbirth and infant mortality. Since the first survey in
1958, cohort members have been traced on six other occasions to mon-
itor their physical, educational and social circumstances. The waves
were carried out in 1965 (age 7), 1969 (age 11), 1974 (age 16), 1981
(age 23), 1991 (age 33) and 1999/2000 (age 42). In addition to the
main surveys, information about the public examinations was obtained
from the schools in 1978. For the birth survey, informationwas gathered
from themother and themedical records. The interviews forwave 1 to 3
(covering age 7, 11 and 16)were carried out with parents, teachers, and
the school health service; while ability tests were administered to the
cohort members. The subsequent surveys included information on em-
ployment and income, health and health behavior, citizenship and
values, relationships, parenting and housing, education and training of
the respondents. In waves 4, 5 and 6, individuals were asked to retro-
spectively give information on their employment, unemployment,
out-of-the-labor-force and education/training periods, recording their
starting and ending dates. The NCDS is, therefore, highly appropriate
to look at life histories.

Ourmodel describes transitions between disability and labormarket
states from the moment that individuals leave full-time education. We
use a sample of 12,375 individuals who participated in the 1981-
survey at age 23 and for who we can construct labor market, health
and health shock histories.5 Case et al. (2005) investigate attrition
from the survey by comparing low birth weight and father's occupation
across different NCDS waves. They do not find any evidence for non-
random attrition with respect to these variables. Furthermore, advisory
and user support groups of the NCDS compared respondents and non-
respondents in the later surveys in terms of social and economic status,
education, health, housing and demographics. It is found that the distri-
bution of these variables among the sample survivors do not differ from
the original sample to any great extent (NCDS User Support, 1991). In
addition, the 1981 sample is compared to the UK 1981 Population
Censuses in terms of the distributions of key variables such as marital
status, gender, economic activity, grossweekly pay, tenure and ethnicity
(Ades, 1983). The overall conclusion is that the sample appears to be
representative with respect to these variables.

3.2. Dependent variables: labor market status, disability status and health
shock

The labor market status is measured each year in March, around the
time of the birthday of the individuals.We distinguish two labormarket
outcomes, employed and non-employed. An individual is considered to
be employed if either the individual has a full-time or part-time job, is
self-employed or on maternity leave. Also an apprenticeship scheme
which is part of a job is considered as employment. Currie and Hyson
(1999), who use the same data to examine the long-run effect of low
birth weight on educational attainment and labor market outcomes,
find that their empirical results are not sensitive to the exact definition
of employment. In Figs. 1 and 2, we show the employment rate, the un-
employment rate and the fraction of individuals out of the labor force
and in full-time education at different ages for both men and women.
The figures show that employment rates are higher for males, that a
substantial share of the females is out of the labor force and that this
fraction declines with age. For males the fraction of workers out of the
labor force increases gradually with age. The unemployment rates are
higher between the ages of 22–25, these ages coincide with a period
when the UK experienced a severe recession.

We define a disability/longstanding illness from the response to the
following question:

Do you have any longstanding illness, disability or infirmity of any kind?

The respondents are asked to report whether they had longstanding
illnesses, disabilities and infirmities for every year at around the time of
their birthday. This implies that our data are not fully informative on
short-term limitations, which might have last a few months between
two birthdays. If a disability is reported, it is asked from which condi-
tions the respondent suffered. We only consider conditions that are in-
cluded in the International Classification of Diseases (ICD-9) produced
by the World Health Organization (1977). The ICD-9 is extensively
used in epidemiological and health management studies to classify dis-
eases and health problems (World Health Organization, 2004). These



Fig. 1. Labor market states of males.

Fig. 2. Labor market states of females.
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include, for instance, serious disabilities that limit work/daily activities
such as epilepsy, blindness, deafness, multiple sclerosis, mental retarda-
tion, a congenital condition, or a traumatic amputation or internal injury
(see Appendix B for the complete list). We only consider an individual
as disabled if the individual reports having the same longstanding ill-
ness, disability or infirmity for at least three consecutive years.6,7
6 We add this condition to be sure that we have long lasting impairments. For instance,
if an individual reports to have complications of pregnancy (code 11 in the ICD-9 classifi-
cation) during one year, then the individual is not counted as permanently disabled. Dis-
abilities listed in the ICD-9 code lasting more than three years are considered to be
permanent. The data confirm that recovery rates after three years are very low.

7 We follow our respondents up to age 42. The extra condition that the impairment
should last at least three years implies, therefore, that in the estimation of the model we
only use the disability and work history information up to the age of 40.
Indeed, the data confirm that recovery rates after three years are negli-
gible. Case et al. (2005), use responses to the question “How good is
your health” and find that these self reports are strongly correlated to
the question on the prevalence of long standing illnesses, disabilities
and infirmities. Bajekal et al. (2004) show in a report commissioned
by the UK Department for Work and Pensions that age-specific disabil-
ity rates for employed workers do not vary much across surveys using
different definitions for disabilities.

Fig. 3 shows the fraction of individuals with a disability after age 16.
Disability rates are very similar for men and women. At age 20 over 4%
of the individuals in the sample has some disability. This increases up to
about 12% at age 40. Somepeople already have long standing disabilities
that started during childhood, but themajority of the disabilities started
during working ages. In fact, the slope becomes somewhat steeper at



Table 1
Yearly incidences of different types of accidents.

Male Female

Overall 0.1199 0.0391
Road (pedestrian) 0.0018 0.0013
Road (driver) 0.0179 0.0080

Fig. 3. Disability rates of males and females.
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older ages, which means that the hazard of the onset of a disability
becomes larger as people get older.

We derive our measure for a health shock from the following
question:

Have you been admitted to hospital or attended a hospital outpatient or
casualty department as a result of any kind of accident?

We observe both the date of the health shock and the cause.8 Men
are much more likely to experience a health shock than women. In
our sample, around 77% of themen had at least one health shock during
the observation period, while this was only about 42% for women. We
follow individuals for more than two decades and, therefore, quite a
few respondents have experienced more than one health shock during
this period. Not only the incidence of health shock differs between
men and women, but also the cause differs. Table 1 lists health shocks
by cause and gender. For each causemen are muchmore likely to expe-
rience a health shock than women. The most substantial difference in
incidence rates occurs for work and sports-related accidents. Because
of this large share of work-related accidents, it is particularly important
in our empirical analyses to allow the health shock probability to de-
pend on labor market status. Fig. 4 plots annual incidence rates by age
and shows that for both men and women the probability of a health
shock is relatively high until the mid-twenties and drops substantially
afterwards.

We use the annual labormarket status and disability status to classi-
fy each individual in each year in one of four states: (1) work and dis-
abled, (2) non-work and disabled, (3) work and non-disabled and
(4) non-work and non-disabled. In Fig. 5 we show for different ages
the fraction of individuals in each state. At all ages most individuals
are employed and non-disabled. At later ages the fraction of individuals
in the non-work non-disabled state decreases while the fractions of in-
dividuals increase in both disabled states (eitherwith orwithoutwork).
The figure shows a fall in employment rate at ages 22–25, this is in line
with the observed patterns in Figs. 1 and 2. Our empirical model is
8 The questionnaire restricts the number of accidents that can be reported to 8 in the
1981-wave and 6 in the 1991 and 1999/2000-wave. In each wave only between 1 and
2% of the individuals actually reports this maximum.
specified in terms of yearly transition probabilities between the differ-
ent states. Table 2 provides a summary of the yearly transitions for
bothmen andwomen. The table shows that there is a high degree of se-
rial correlation and that individuals are much more likely to change
labor market status than disability status. The table also shows that
16.8% of the men with a disability find a job in the subsequent period.
This means that there remain employment opportunities for people
with a disability. However, note that this number should be contrasted
with the 41.9% of non-disabled workers who find a job in the next peri-
od. For females the differences between the job-finding rate of disabled
and non-disabled workers is much smaller (12.8% versus 19.3%). Of
course, these differences reflect associations and cannot be given any
causal interpretation. Furthermore, we cannot distinguish between dif-
ferences in which disabled and non-disabled workers search for work
and the probability of finding work given a particular search level.

3.3. Background variables

The role of (early) childhood conditions in explaining later life
health and socio-economic status is well documented (see, for instance,
the literature reviewed in Case et al., 2005; Almond and Currie, 2011).
The NCDS is very rich on individual characteristics and particularly on
childhood characteristics. For each individualwe observe a range of var-
iables that give information on an individual's birth weight and health,
cognitive ability and socioeconomic background in childhood. In con-
structing the relevant background variables we follow the definitions
used by Case et al. (2005) and Currie and Hyson (1999). Table 3 pro-
vides sample means on these variables. For many variables there is
Workplace 0.0398 0.0072
Home 0.0127 0.0107
Sports 0.0338 0.0047
Other 0.0139 0.0072



Fig. 4. The annual incidence rates of health shocks for males and females.

Fig. 5. Disability and employment states.
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some item non-response. To avoid losing many observations we follow
Case et al. (2005) by constructing dummy variables that indicate if the
information on a variable is missing. So if an individual's characteristics
are missing, then the variables describing these characteristics take
value 0 while the dummy variable indicating that these variables are
missing takes value 1.9
9 The alternative is either to leave covariateswhich aremissing for some individuals out
of the model or to drop individuals with missing observations from the data. The role of
covariates in ourmodel is to account for asmuch individual variation as possible. Covariate
effects should therefore also be interpreted as associations rather than as causal effects.
For each individualwe observe the educational attainment. The level
of education is derived by compiling an education variable with catego-
ries aggregated to national vocational qualification levels. We include
the following categories: less than O-level, O-level equivalent, A-level
equivalent and degree equivalent. In general, O-level exams are taken
at age 15/16 and A-level exams two years later. Degree equivalent im-
plies that the individual has additional education on top of secondary
education.

The family's socioeconomic status is derived from the father's social
class at birth. The social class corresponds to a systemused by the British
Registrar General and consists of: professional, supervisory, skilled non-



Table 4a
Parameter estimates of the logit model for health shock probabilities.

Parameter estimates

Intercept 0.987 (0.013)
Being employed 0.342 (0.014)
Being disabled 0.048 (0.004)
Female −1.203 (0.010)
Age (divided by 40) −2.547 (0.006)
(Age/40)2 −1.190 (0.007)
(Age/40)3 0.094 (0.007)
(Age/40)4 1.493 (0.008)
O-level equivalent education 0.041 (0.009)
A-level equivalent education 0.171 (0.011)
Degree equivalent education 0.041 (0.011)
Childhood background variables

Low socioeconomic status at birth −0.035 (0.007)
Mother smoked at pregnancy 0.076 (0.005)
Birth information missing −0.730 (0.009)
Mother's age at birth (divided by 10) −0.290 (0.008)
Mother's age at birth squared (divided by 100) 0.423 (0.014)
Low birth weight −0.016 (0.004)
Born in London or South-East 0.055 (0.005)
Born in Scotland −0.103 (0.004)
Born in South or Wales 0.007 (0.005)
Born in North 0.043 (0.005)
Born in Midlands 0
Scores at age 7 missing 0.066 (0.008)
Math score (divided by 10) 0.156 (0.008)
Bristol Social Adjustment Guide (divided by 10) 0.051 (0.005)

Parameters of the mixing distribution
Probability 1: θ1θ2 0.129 (0.002)
Probability 2: (1 − θ1)θ2 0.423 (0.005)
Probability 3: θ1(1 − θ2) 0.105 (0.001)
Probability 4: (1 − θ1)(1 − θ2) 0.344 (0.004)
Location mass point 1 0
Location mass point 2 −0.998 (0.010)
Location mass point 3 1.204 (0.013)
Location mass point 4 0.206 (0.019)

Standard errors in parentheses.
See Table 4b for the number of observations and the value of the log likelihood function.

Table 2
Transition matrices between work and disability states by gender.

State in year t + 1

State in year t
Work/
disabled

Nonwork/
disabled

Work/
nondisabled

Nonwork/
nondisabled

Male
Work/disabled 95.3% 4.7%
Nonwork/disabled 16.8% 83.2%
Work/nondisabled 0.3% 0.1% 96.8% 2.8%
Nonwork/nondisabled 0.3% 0.7% 41.9% 57.2%

Female
Work/disabled 90.3% 9.7%
Nonwork/disabled 12.8% 87.2%
Work/nondisabled 0.3% 0.0% 91.7% 7.9%
Nonwork/nondisabled 0.1% 0.4% 19.3% 80.2%
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manual, skilled manual, semi-skilled non-manual, semi-skilled manual,
and unskilled.We classify socioeconomic status as high if the father is in
a professional, supervisory, skilled non-manual job; medium if the fa-
ther is in skilledmanual, semi-skilled non-manual; and low if the father
is in a semi-skilled manual and unskilled job. Following Currie and
Thomas (1999), we classify individuals whose father's information is
missing by the mother's social class. In case the social classes of both
parents are missing, we assign the individual to low socioeconomic sta-
tus if themotherwas single and tomissing if both parentswere present.

Low birthweight is a dummy variable for infants with a birthweight
below 2500 g. There is evidence from the epidemiological literature
that low birth weight is strongly associated with infant and later life
mortality (World Health Organization, 2004). Low weight at birth can
be the result of either preterm birth (before 37 weeks of gestation) or
restricted fetal growth. In the empirical analyses we do not make a dis-
tinction between these two categories. We create a dummy variable
that indicates if the mother smoked after the fourth month of pregnan-
cy. Smoking during pregnancy has been found to be related with cogni-
tive deficiencies and other health problems in the medical and
epidemiological literature (see for instance Blair et al., 1996; Conter
et al., 1995;Naeye and Peters, 1984;Williams et al., 1998). Furthermore,
we observe the mother's age at birth. Mother's age at the child's birth
can influence the child's health through, for instance nutritional
Table 3
Sample mean of the individual characteristics.

Total Male Female

Female 50.2%
Education (national vocational qualification level)

Below O-level equivalent 26.6% 24.6% 27.7%
O-level equivalent 31.5% 27.9% 35.1%
A-level equivalent 17.1% 20.9% 13.3%
Degree equivalent 25.2% 26.6% 23.8%

Parental information at birth missing 7.3% 7.6% 7.1%
High parental socioeconomic status at birth 25.2% 25.5% 24.9%
Medium parental socioeconomic status at birth 46.7% 46.0% 47.4%
Low parental socioeconomic status at birth 20.8% 20.9% 20.6%
Mother smoked after the fourth month of pregnancy 30.5% 30.0% 31.0%
Mother did not smoke after the fourth month
of pregnancy

62.2% 62.4% 61.9%

Birth information missing 5.5% 5.8% 5.3%
Mother's age at birth (in years) 27.6 27.5 27.6
Low birth weight (less than 2500 g) 4.8% 4.1% 5.4%
Normal birth weight (more than 2500 g) 89.7% 90.1% 89.3%
Born in North 27.1% 26.5% 27.7%
Born in Midlands 23.5% 24.3% 22.6%
Born in South & Wales 16.3% 16.1% 16.5%
Born in Scotland 10.4% 10.0% 10.7%
Born in London & South-East 17.3% 17.3% 17.2%
Test scores at age 7 missing 12.0% 12.6% 11.5%
Math 5.2 5.3 5.1
Bristol Social Adjustment Guide 8.4 9.8 7.0
Number of observations 12,375
deficiencies if the mother is very young, or delivery complications if
the mother is older. Therefore, in the empirical analyses we include
also the mother's age at birth squared. We use the region at birth to
control for geographical differences and/or differences in labor market
conditions.

For each individualwe observe test scores onmath and social adjust-
ment at age 7. Themath test is designed for theNCDS and assesses arith-
metic ability. The score ranges from 0 to 10. Currie and Thomas (1999)
show that test scores at the age of 7 have significant impacts on later
education attainments and labor market outcomes. The Bristol Social
Adjustment Guide is designed to assess the child's social behavior in
school and at home. The test is completed by the teacher who knows
the child best. Higher scores indicate higher maladjustment.

4. Results

4.1. Parameter estimates

Tables 4a and 4b show the parameter estimates of our model. In
Fig. 6 we show some indication for the fit of our model. In this figure
we compare the observed data to model predictions.10 The model pre-
dictions manage to pick up the general life cycle trends in employment
and disability. Only around age 23/24 the model has difficulties with
matching the fluctuations in observed employment rates.

We startwith a brief discussion of the results for themixing distribu-
tion (unobserved heterogeneity). The parameters of this distribution
10 Our model describes transitions between health and labor market states after having
left full-time education.Wehave estimated amultinomial logit model for the first state af-
ter leaving full-time education.



Table 4b
Multinomial logit with unobserved heterogeneity on transitions between work and disability states.

From
Disabled Nondisabled

Work Nonwork Work Nonwork

To
Disabled Disabled Nondisabled Disabled Nondisabled

Nonwork Work Work Nonwork Nonwork Work Nonwork Work

Intercept −2.491 (0.010) −1.213 (0.004) −6.185 (0.005) −9.216 (0.021) −4.166 (0.014) −3.411 (0.004) −4.023 (0.006) 2.241 (0.025)
Instantaneous effect
health shock

−0.074 (0.004) 0.462 (0.003) 0.862 (0.004) 1.658 (0.006) −0.019 (0.010) 1.021 (0.005) 0.863 (0.004) 0.045 (0.033)

Permanent effect of
health shock

−0.003 (0.010) 0.474 (0.006) 0.159 (0.004) 0.409 (0.005) −0.059 (0.007) −0.322 (0.003) 0.116 (0.005) −0.172 (0.027)

Gender 0.922 (0.010) −0.359 (0.010) 0.315 (0.006) 1.164 (0.005) 1.241 (0.008) −1.450 (0.006) −0.635 (0.005) −1.290 (0.008)
Age (divided by 40) −0.116 (0.004) 0.358 (0.004) 0.245 (0.006) 0.062 (0.003) 3.668 (0.035) −0.128 (0.005) −0.212 (0.004) −2.595 (0.021)
(Age/40)2 −0.533 (0.005) −0.408 (0.004) 0.588 (0.005) 0.101 (0.004) 0.039 (0.009) −0.113 (0.004) 0.302 (0.004) −1.295 (0.006)
(Age/40)3 −0.262 (0.004) −0.450 (0.004) 0.342 (0.003) 0.381 (0.003) −1.630 (0.011) −0.055 (0.004) 0.328 (0.003) 0.507 (0.012)
(Age/40)4 0.017 (0.004) −0.623 (0.004) 0.219 (0.004) 0.676 (0.006) −2.429 (0.010) −0.035 (0.003) 0.543 (0.005) 1.513 (0.009)
O-level equivalent education −0.265 (0.007) −0.659 (0.007) −0.691 (0.004) 0.666 (0.004) 0.683 (0.010) 0.869 (0.007) −0.216 (0.004) −0.272 (0.004)
A-level equivalent education −0.523 (0.005) −0.468 (0.009) −1.121 (0.018) −0.857 (0.016) −0.521 (0.013) −0.789 (0.011) −0.913 (0.014) 0.193 (0.003)
Degree equivalent education −0.460 (0.010) −0.009 (0.004) −0.171 (0.003) 0.090 (0.004) 0.291 (0.004) 0.430 (0.013) 0.524 (0.011) 0.774 (0.012)
Parental socioeconomic status at birth

Missing 0.450 (0.003) −0.080 (0.005) 0.448 (0.005) 0.719 (0.011) 0.347 (0.013) −0.041 (0.003) −0.850 (0.007) −0.115 (0.010)
High −0.099 (0.003) −0.316 (0.004) −0.085 (0.004) −0.299 (0.004) −0.056 (0.005) 0.314 (0.004) −0.152 (0.003) 0.037 (0.007)
Low 0.111 (0.005) −0.028 (0.005) 0.147 (0.003) 0.132 (0.003) 0.183 (0.005) 0.576 (0.003) −0.235 (0.003) −0.125 (0.010)

Mother smoking at pregnancy 0.123 (0.003) 0.007 (0.004) 0.159 (0.004) 0.358 (0.003) 0.122 (0.010) −0.315 (0.003) 0.184 (0.003) 0.006 (0.009)
Birth info missing 0.551 (0.003) −0.069 (0.003) −0.514 (0.004) −0.559 (0.006) −0.571 (0.016) −0.081 (0.003) 0.090 (0.007) 0.213 (0.009)
Mother's age at birth (/10) 0.193 (0.009) 0.003 (0.009) −0.098 (0.008) 0.472 (0.007) −0.252 (0.004) −0.004 (0.005) −0.062 (0.003) 0.007 (0.016)
Mother's age at Age
(/10) squared

−0.029 (0.007) −0.129 (0.009) 0.127 (0.007) −0.691 (0.015) 0.414 (0.006) 0.048 (0.003) 0.111 (0.004) 0.033 (0.022)

Low birth weight −0.072 (0.005) −0.323 (0.004) 0.157 (0.003) −0.042 (0.004) −0.081 (0.007) 0.044 (0.003) −0.522 (0.004) −0.084 (0.007)
Region of residence at birth

London 0.054 (0.003) −0.012 (0.003) −0.121 (0.003) −0.336 (0.004) −0.006 (0.004) −0.471 (0.004) 0.138 (0.003) −0.024 (0.004)
Scotland 0.217 (0.003) −0.005 (0.004) 0.044 (0.003) −0.275 (0.003) 0.236 (0.007) 0.603 (0.005) 0.167 (0.003) −0.076 (0.004)
South & Wales 0.165 (0.004) −0.094 (0.003) 0.179 (0.003) 0.117 (0.003) 0.030 (0.003) 0.364 (0.004) 0.070 (0.003) −0.030 (0.005)
North 0.374 (0.004) −0.101 (0.003) −0.056 (0.003) 0.215 (0.003) 0.211 (0.004) 0.217 (0.004) 0.257 (0.003) −0.055 (0.004)

Score at age 7 missing −0.145 (0.003) −0.441 (0.003) 0.161 (0.003) −0.516 (0.007) 0.156 (0.004) −0.351 (0.006) −0.072 (0.007) 0.009 (0.013)
Math score (/10) −0.387 (0.007) 0.118 (0.006) −0.043 (0.004) −0.709 (0.006) −0.040 (0.009) 0.209 (0.004) −0.653 (0.008) 0.088 (0.012)
Bristol social adjustment
guide (/10)

0.209 (0.004) −0.185 (0.004) 0.055 (0.004) 0.180 (0.003) 0.140 (0.013) −0.329 (0.004) 0.101 (0.003) −0.088 (0.009)

Parameters of the mixing distribution
Location mass point 1 0 0 0 0 0 0 0 0
Location mass point 2 −1.518 (0.009) 0.443 (0.020) −0.691 (0.011) −1.104 (0.014) −1.365 (0.014) −0.533 (0.008) −0.440 (0.010) 0.209 (0.096)
Location mass point 3 −1.003 (0.006) −0.073 (0.034) −0.065 (0.005) −0.962 (0.009) −0.785 (0.016) −1.021 (0.008) 0.007 (0.004) 0.983 (0.033)
Location mass point 4 −2.521 (0.007) 0.370 (0.053) −0.755 (0.012) −2.066 (0.022) −2.150 (0.013) −1.554 (0.004) −0.433 (0.013) 1.192 (0.088)

Number of observations 12,375
Value of the -log-likelihood 104,848.05
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are reported in the lower panels of Tables 4a and 4b. Almost all param-
eters of themixing distribution are highly significant, indicating the im-
portance to allow for a stochastic relationship between disability, work
and health shocks. Recall from Eqs. (3a) and (3b) that we impose a
factor-loading specification with two elements that each can take on
two values. We have tried to add additional elements to the model,
but this increased the computer time for estimating themodel substan-
tially while only marginally improving the fit of the model.11 The addi-
tional parameters are jointly significant at the 10% level. For each
transitionwe thus have fourmass points. The firstmass point is normal-
ized to 0 because each model equation includes an intercept. Most
probability mass (about 42%) is located at mass point 2, describing indi-
vidualswith a low probability of experiencing health shocks.Mass point
3 has less probability mass (about 10%) and describes individuals who
are most likely to get a health shock. It is not straightforward to detect
a clear pattern in the effects of the unobservables in the transition prob-
abilities. But compared to mass point 1, all other mass points describe
individuals who are less likely to get disabled and who are more likely
to stay in employment or move to employment if the health status re-
mains unchanged.
11 The Akaike information criterion rejects including additional unobserved heterogene-
ity terms.
Table 4a shows the parameter estimates from the logit specification
for the probability of getting a health shock. Employed individuals have
about a 41% (=exp(0.342) − 1) higher probability of getting a health
shock. Recall from Table 1 that indeed a substantial share of the health
shocks is work-related. The health shock rate of an individual with a dis-
ability is only about 5% higher than the health shock rate for a non-
disabled person. Males are more than three times more likely to get a
health shock than females. This is also what we directly observe in the
data when comparing males and females (see Table 1). Apparently, dif-
ferences in background characteristics between males and females can-
not explain the differences in health shocks rates. The age coefficients
indicate that the probability of getting a health shock decreases up to
age 37 and increases afterwards. The socioeconomic characteristics of
the parents of the cohort member all have significant impacts on the
health shock rate. Individuals with medium socioeconomic status and
whose mother smoked during pregnancy have higher health shock
rates. The health shock rate also increases with the age of the
respondent's mother at birth. Individual characteristics are also impor-
tant.Wefind significant effects for birthweight, region and the test scores
and education. Most of these effects are in line with a priori expectations.
We find a somewhat puzzling effect of the math test score at age 7. Indi-
viduals with a higher test score have higher health shock rates. It should
be noted that the coefficients purely reflect associations and that one
should not connect a strong causal interpretation to these findings.



Fig. 6. Fit of the model.
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Table 4b shows the parameter estimates of a multinomial logit
model for the transitions between different labor market and disability
states. The main parameters of interest are the parameters describing
the effects of health shocks on transition probabilities. We allow health
shocks to have a direct instantaneous effect and a long-run effect. The
estimated coefficients for the instantaneous effects are almost always
larger than the estimated coefficients for the long-run effects.12 Further-
more, the instantaneous effects of the health shocks are largest on the
transition rates from the non-disabled states to disabled states. The es-
timated coefficients for transitions between employment states where
the disability status remains the same are much smaller. The long-run
effects mainly show that in the long-run health shocks not only have
an effect on the disability status, but also on the employment status.
4.2. Simulations

Interpreting the coefficients separately in non-linear models with
multiple states is difficult. Therefore, to illustrate the impact of a health
shock we consider a representative individual and perform calculations
with the estimatedmodel.13 The details of the simulations are described
in Appendix C. Suppose this individual did not experience a health
shock until age 23. The probability that this individual is non-disabled
at his/her 24th birthday is 0.933 (with standard error 0.00034 comput-
ed using the Deltamethod).Without experiencing a health shock at age
24 the probability of becoming disabled before his/her 25th birthday is
0.0025 (s.e. 0.000062). However, if the individual did experience a
health shock at age 24, this probability becomes 0.0069 (s.e. 0.00015).
So the health shock increases the instantaneous onset of a disability
with around 172% (s.e. 20%). The t-test for significance of the impact
of a health shock on the onset of a disability is 8.58, which implies
12 The long-runeffects increases transition probabilities in each year following thehealth
shock, while the instantaneous effects only have an effect in one year. So even though the
estimated coefficients of the instantaneous effects are larger, long-run effects can bemore
larger when the observation period is sufficiently long.
13 In fact, we simulate the model for all individuals and compute averages over all
individuals.
that a health shock not only has a very substantial effect, but the effect
is also strongly significant. Not only has a health shock an instantaneous
effect on disability rates, but the effect is also long lasting. More specif-
ically, if this individual does not get any other health shock, then with a
health shock at age 24, the disability rate at age 40 is 0.141 (s.e. 0.0022).
The disability rate at age 40 equals 0.128 (s.e. 0.0018) if the individual
never had a health shock. We can conclude from this that health shocks
are important for the onset of disabilities and that there are both short-
run and long-run effects.

The occurrences of health shocks are relatively rare events. Until age
40men experience, on average, about 2.4 health shocks andwomen only
0.8. Model calculations show that health shocks can only account for
about 12% of all disabilities at age 40. Hence, the larger part of long stand-
ing disabilities arises from a gradual deterioration in health. As discussed
in Section 2, the definition of a health shock plays an important role here.
In our definition a health shock should lead to a hospital, outpatient or
casualty department visit. Health events that did not directly lead to hos-
pital visits are thus included in the gradual deterioration of health. This
strict definition of the health shock was required for the identification
of the model (see Section 2), but as we now see, this also comes with a
price. The instantaneous effect of a health shock on employment rates
is negligible. Consider again a non-disabled 24 year old individual. We
compare the situationwhere this individual does not experience a health
shock with the situation where s/he does experience a health shock. To
get the instantaneous effect of a health shock on employmentwe assume
that the health shock does not lead to a disability (i.e. at his/her 25th
birthday the individual is still non-disabled). In this case the employ-
ment rate at age 25 is 0.805 (s.e 0.0018)with the health shock compared
to 0.804 (s.e. 0.0018)without a health shock. This difference is very small
and not significant. There are, therefore, two potential ways in which a
health shock can affect employment in the long-run. First, the model al-
lows for permanent effects and second the effect can run via the onset of
a disability. We find that long-run direct effects of health shocks on em-
ployment rates are also extremely small. An individual who receives a
health shock at age 24 and who does not become disabled in later
years has only a 1.1 percentage point lower employment rate at age 40
(the employment rates at age 40 falls from 0.890 (s.e 0.0020) to 0.879



Table 5
Simulation experiments.

Fraction
Employment
rate age 40

Disability
rate ge 40

Number of
accidents

Effect accident
on disability

Effect disability
on employment

Association disability
and employment

Full population 1.00 0.862 0.124 1.58 172% −0.144 (0.048) −0.229
Males 0.50 0.932 0.127 2.40 177% −0.226 (0.041) −0.234
Females 0.50 0.790 0.125 0.77 157% −0.116 (0.124) −0.253
Low educated 0.58 0.827 0.147 1.57 185% −0.205 (0.045) −0.272
High educated 0.42 0.916 0.094 1.60 169% −0.087 (0.078) −0.108

Note: The employment rate at age 40, the disability rate at age 40 and the number of health shocks (until age 40) are based on simulating the model. The effect of a health shock on the
onset of a disability reflects the effect of an accident at age 24on the disability rate at the 25th birthday. The effect of a disability onemployment is the causal effect of the onset of a disability
at age 25 on the employment rate at age 40 computed using the Wald estimator. And the association of disability and employment is based on simulating the model and taking the dif-
ference in employment rate at age 40 of those who were and were not disabled at age 25 (this is thus non-causal).
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(s.e. 0.0024)). Now suppose that this health shock actually leads to a dis-
ability at age 25, then the employment rate at age 40 is 9 percentage
point lower (the employment rate falls from 0.890 (s.e. 0.0020) to
0.799 (s.e. 0.0078)).

The results above show that (i) health shocks do not have a direct ef-
fect on employment if the individual's disability status remains un-
changed and (ii), health shocks have an effect on disability status and
thus cause some variation in the disability status. We exploit this addi-
tional variation in disability due to the health shock to calculate the
causal effect of the onset of a disability on employment. More specifical-
ly, we use the model estimates to calculate for each individual in the
sample a Local Average Treatment Effect (LATE). Details on the simula-
tion exercise can be found in Appendix C. The treatment thatwe consid-
er is a health shock at age 24 and no additional health shocks at later
ages. The causal effect of the onset of a disability at age 25 on the
employment rate at age 40 is then defined as:

Pr S1 40ð Þ ¼ 1jA 24ð Þ ¼ 1;A 24ð Þ ¼ 1
� �

− Pr S1 40ð Þ ¼ 1jA 24ð Þ ¼ 0;A 24ð Þ ¼ 0
� �

Pr Sh 25ð Þ ¼ 1jA 24ð Þ ¼ 1;A 24ð Þ ¼ 1
� �

− Pr Sh 25ð Þ ¼ 1jA 24ð Þ ¼ 0;A 24ð Þ ¼ 0
� �

¼ −0:144

(s.e. 0.048).
The onset of a disability at age 25 causes a significant reduction in

the probability of being employed at age 40 by 14.4 percentage points.
This estimator exploits the estimated causal effects of the health shocks
on the different transition probabilities. However, it provides an estima-
tor for individuals at themargin where a health shock triggers the onset
of a disability. The LATE interpretation of the estimator strongly de-
pends on the monotonicity assumption (see Imbens and Angrist,
1994), which can be easily checked in our model.14 Indeed, we do not
find evidence for violation of the monotonicity assumption. Given our
model specification violation of monotonicity would be unlikely (but
not impossible) given we only model permanent disabilities and that
we impose that health shocks are unanticipated.

We can compare this estimate to an alternative estimate, which is
derived from taking the difference in employment rates between
those who become disabled at age 25 and who do not. The reduction
in employment rates at age 40 due to the onset of a disability at age
25 is 0.205 (0.00478).15 This estimate is substantially larger and much
more precise than the estimate for the local average treatment effect
above.

4.3. Heterogeneous effects

Recall that the rawdata donot showany difference in disability rates
between males and females, but males have much higher health shock
14 For each individual, we can simulate for a health shock at each age if the occurrence of
a shock causes that the individual is not less likely to become disabled. This is indeed the
case.
15 So we use Pr(Sl(40) = 1|Sh(25) = 1)− Pr(Sl(40) = 1|Sh(25) = 0).
risks. Also the types of health shocks differ between males and females.
This might imply that health shocks have different effects for males and
females. Therefore, we estimate separatemodels for males and females.
We also estimate separate models for high educated (A-level and
Degree equivalent) and loweducated (O-level and below).High educat-
ed and low educated individuals have different types of jobs and may
work in different sectors and therefore the causal effects of the onset
of a disability on employment may differ. We do not show the parame-
ter estimates for these models, but only show the results from simula-
tion experiments in Table 5.

From Table 5 we see that there is no difference in disability rates at
age 40 between men and women (column three), but that women
have much lower employment rates (column two). Until age 40 men
experience, on average, three times as many health shocks as women
(column four) and for men a health shock is more likely to cause a dis-
ability (column five). This implies that for men a much larger share of
the disabilities is explained by health shocks. Low educated individuals
have lower employment rates and higher disability rates than high ed-
ucated individuals. There is no substantial difference in the health shock
rate of high and low educated workers, but for low educated a health
shock is more likely to trigger the onset of a disability.

Table 5 shows that the causal effect of a disability on employment
differs with respect to gender and education (column six). The onset
of a disability has a large and significant causal effect on employment
rates of male and lower educated workers. For females and higher edu-
cated workers smaller and insignificant effects are found. Note that
women have low health shocks rates, so for them we observe much
fewer health shocks than for men causing that standard errors are
higher. The relatively small and insignificant effect for females may be
explained from differences in the type of jobs that men and women
are holding. In our analyses we do not make a distinction between
part-time and full-time work. Females are more often employed in
part-time jobs and it may be easier to continue working in these jobs
after the onset of a disability. Also, females have lower participation
rates and the marginal working female may be different from her
male counterpart. The difference between low and high educated indi-
viduals may (again) be due to the different type of jobs and characteris-
tics of the working environment. For instance, continuingworking with
a chronic conditionmay be easier for a high educatedworker in the ser-
vice sector than a low educated construction worker.

Column seven of Table 5 reports the difference in employment rates
between different groups of workers. This difference is derived from a
direct comparison of the employment rate between disabled and non-
disabled workers and thus consists of a causal impact of the disability
and differences in background characteristics.16 So this is employment
gap merely reflects an association between disability and employment
outcomes. For the full sample 14.4 percentage points of the 22.9
16 More precise, we simulate our model for all workers in our sample and we compute
the employment gap at age 40. This association is thus the consequence of both the causal
effect of a disability and differences in observed and unobserved background
characteristics.
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percentage point difference in employment rates between disabled and
non-disabled workers is due to a causal effect. The remainder is due to
different observed and unobserved background characteristics of
disabled and able bodied workers. For males virtually all of the employ-
ment gap between non-disabled and disabledworkers can be explained
by the causal effect, whereas for females the difference in employment
rate is primarily due to differences in background characteristics. This
implies that for males policies directly aimed at disabled workers,
such as the UK DDA or the US ADA, may be more effective than for fe-
males. For females other factors are largely explaining the association
and hence policies aimed at disabled workers (like workplace accom-
modations) may not be effective in increasing employment rates. We
find similar results for the different education groups. For lower educat-
ed workers, the employment difference between non-disabled and dis-
abledworkers is substantial (about 27 percentage points) and the larger
part of this employment difference can be explained by the causal effect
of disability on work. This finding corresponds to Case and Deaton
(2005), who argue that health related absences from work are impor-
tant for the differences in socioeconomic outcomes (like income and
work) and that this effect is stronger forworkers inmanual occupations.
Indeed, we find that for higher educated workers the employment gap
is much smaller (only about 11 percentage points). The larger part of
this employment gap can be explained by the causal effect, but it has
to be noted that the causal effect is not significantly different from zero.
5. Conclusions

In this paper we focus on the relation between disability and
employment outcomes and particularly the causal effect of disability
on employment. We have developed an event-history model that de-
scribes transitions between disability and work states and we allowed
the transitions rates to be affected by accidents. These health shocks
are endogenous in the sense that their arrival depends on the same
17 In our model this indicator remains 1 if the individual has more health shocks later.
observed and unobserved characteristics that affect the transition
rates between health and employment states. As measure of the health
shocks we have used accidents that caused admittance to a hospital,
hospital outpatient or casualty department. We have exploited the
unanticipated nature of these accidents to identify the causal effect of
such shocks on the onset of a disability and subsequently the causal
effect of the onset of a disability on later employment.

The empirical results show that health shocks substantially increase
the probability of the onset of a disability, but health shocks have no di-
rect effect on employment (if the health status remains unchanged).
Even though a health shock has a large effect on the onset of a disability,
the fact that our health shocks are rare events causes that only about
12% of all disabilities at age 40 can be explained from the occurrences
of these health shocks. The causal effect of the onset of a disability at
age 25 on employment rates at age 40 is in the complete population
−0.144. When estimating separate models for men and women and
high and low educated individuals, we found that the onset of a disabil-
ity has a much larger causal impact on the employment rates of men
and low educated than their counterparts.

Finallywe have compared the causal effect of the onset of a disability
on employment to the association between disability and employment.
The latter is the gap in employment between non-disabled and disabled
workers, which includes not only the causal effect of disability on em-
ployment but also differences in observed and unobserved individual
characteristics. Our analyses show that within the complete sample
about two-third of the association between disabilities and employ-
ment can be explained from a causal effect of disability on employment.
This percentage is much lower for women implying that for women ob-
served and unobserved heterogeneity is the primary cause for the asso-
ciation between disability and employment. For males and lower
educated workers the larger part of the employment gap can be ex-
plained by the causal effect of the disability on employment. This may
imply that for these groups policies that aim directly at getting disabled
workers back to work can be effective.
Appendix A. Specification, estimation and identification of the model

A.1. Specification

We use a logit specification to model the probability of an accident at age t:

q sl tð Þ; sh tð Þ; x tð Þ; vað Þ ¼ Pr A tð Þ ¼ 1jSl tð Þ ¼ sl tð Þ; Sh tð Þ ¼ sh tð Þ; x tð Þ; vað Þ
¼ exp x tð Þγ þ δlsl tð Þ þ δhsh tð Þ þ vað Þ

1þ exp x tð Þγ þ δlsl tð Þ þ δhsh tð Þ þ vað Þ :
ð1Þ

The parameters δl and δH describe the effects of being employed and being disabled on the incidence rate of health shocks, respectively. The vector
of observed individual characteristics x(t) includes an intercept, a set of socioeconomics characteristics and a fourth order polynomial in age. Recall
that because all individuals in the data are born in the same week, the polynomial in age also includes calendar time effects such as business cycle
fluctuations.

We define the indicator function Ā(t), which takes on the value 1 if the individual experienced a health shock prior to age t and zero otherwise.17

The transition probabilities between the different disability and work states are given by:

p i; jð Þ; k;mð Þ a tð Þ; a tð Þ; x tð Þ; v i; jð Þ; k;mð Þ
� � ¼ PrðSl t þ 1ð Þ ¼ i; Sh t þ 1ð Þ ¼ jjSl tð Þ ¼ k; Sh tð Þ ¼ m;A tð Þ ¼ a tð Þ;A tð Þ ¼ a tð Þ; x tð Þ; v i; jð Þ; k;mð ÞÞ

which we parameterize again as a logit function

p i; jð Þ; k;mð Þ a tð Þ; a tð Þ; x tð Þ; v i; jð Þ; k;mð Þ
� � ¼ exp xtβ i; jð Þ; k;mð Þ þ η i; jð Þ; k;mð Þa tð Þ þ μ i; jð Þ; k;mð Þa tð Þ þ v i; jð Þ; k;mð Þ

� �
1þ

X
i0 ; j0ð Þ≠ k;mð Þ

exp xtβ i0 ; j0ð Þ; k;mð Þ þ η i0 ; j0ð Þ; k;mð Þa tð Þ þ þμ i; jð Þ; k;mð Þa tð Þ þ v i0 ; j0ð Þ; k;mð Þ
� � ð2aÞ
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if (i,j) ≠ (k,m) and

p k;mð Þ; k;mð Þ a tð Þ; a tð Þ; x tð Þ; v k;mð Þ; k;mð Þ
� � ¼ 1

1þ
X

i0 ; j0ð Þ≠ k;mð Þ
exp xtβ i0 ; j0ð Þ; k;mð Þ þ η i0 ; j0ð Þ; k;mð Þa tð Þ þ μ i0 ; j0ð Þ; k;mð Þa tð Þ þ v i0 ; j0ð Þ; k;mð Þ

� � :
ð2bÞ

Since disability is an absorbing state this transition probability equals 0 if m is disabled and j is non-disabled.
The parameters η(i,j),(k,m) describe the instantaneous effects of a health shock on the different transition probabilities, while the parameters

μ(i,j),(k,m) describe the permanent effects of ever having experienced a health shock. The impact of a health shock can thus be different for individuals
in different employment and disability states. Health shocks are not only related to the transition probabilities through these effects, but we also
allow for interdependence through the time-invariant unobserved heterogeneity components. Theunobserved component in thehealth-shockprob-
ability va may be related to the unobserved components in the transitions probabilities v(i, j)(k,m), ∀ i,j,k,m. We use a random effects specification for
the unobserved heterogeneity, and in particular a so-called factor-loading specification to allow for correlations between the different unobserved
heterogeneity terms. When estimating the model we take two random factors (w1,w2), which both have two discrete mass points at 0 and 1. The
parameters θ1 and θ2 denote the probability that the variablesw1 andw2 take the value 1, respectively. The unobserved heterogeneity terms follow

va ¼ αa;1w1 þ αa;2w2 ð3aÞ

and

v i; jð Þ; k;mð Þ ¼ α i; jð Þ; k;mð Þ;1w1 þ α i; jð Þ; k;mð Þ;2w2: ð3bÞ

The factor-loading specification implies that the term va equals 0with probability (1− θ1)(1− θ2), va=αa1 with probability θ1(1− θ2), va=αa2

with probability (1− θ1)θ2 and va= αa1+ αa2 with probability θ1θ2. The terms v(i,j),(k,m) are defined in a similar way. The unobserved heterogeneity
could, for example, pick up the difference between white and blue-collar workers, where the blue-collar workers might have higher probabilities of
being disabled and non-employed and a higher incidence rate of health shocks. The parameters αa and α(i, j)(k,m) determine the sign and the
magnitude of the correlation between the accident rate and the transition probabilities. These parameters are estimated along with the other
model parameters (as well as the parameters ϑ1 and ϑ2).

A.2. Estimation

Since the model is fully parameterized, we usemaximum likelihood to estimate the parameters. For each individual, we observe the sequence of
realizations (sl(T0+1), sh(T0+1), a(T0+1)),…, (sl(T1), sh(T1), a(T1)). In the estimationwe condition on the initial labormarket status sl(T0+1) and
health status sh(T0+1) of the individual (i.e. themoment the individual leaves full-time education). The contribution to the likelihood function of for
this individual is given by:

ℓ ¼
X1

w1 ;w2¼0

θ1w1 1−θ1ð Þ1−w1θ2w2 1−θ2ð Þ1−w2 ∏
T1−1

t¼T0þ1
q sl tð Þ; sh tð Þ; x tð Þ;αa;1w1 þ αa;2w2
� �a tð Þ

1−q sl tð Þ; sh tð Þ; x tð Þ;αa;1w1 þ αa;2w2
� �� �1−a tð Þ

p sl tð Þ;sh tð Þð Þ; sl tþ1ð Þ;sh tþ1ð Þð Þ a tð Þ; a tð Þ; x tð Þ;α sl tð Þ;sh tð Þð Þ; sl tþ1ð Þ;sh tþ1ð Þð Þ;1w1 þ α sl tð Þ;sh tð Þð Þ; sl tþ1ð Þ;sh tþ1ð Þð Þ;2w2
� �

The total likelihood function is the sum of the logarithm of these individual likelihood contributions.

A.3. Identification

Our methodology has been applied when estimating the causal effect of active labor market policies on the reemployment of unemployed
workers. Bonnal et al. (1997) estimate the causal effect of training programs for unemployed workers and Van den Berg et al. (2004) evaluate im-
posing punitive temporary benefits reductions on welfare recipients. We refer to Abbring and Van den Berg (2003) for more formal identification
results.

The intuition behind the identification comes from splitting the data in two parts, (i) transition before individuals are hit by a health shock and (ii)
transitions after individuals have been hit by a health shock. The assumption of no anticipation implies that we can identify all model parameters
except η and μ from data until the moment individuals are hit by the health shock, so part (i) of the data. Part (ii) of the data should thus be used
to identify the parameters η and μ. Indeed identification of η and μ comes from comparing transition probabilities before and after experiencing a
health shock conditional on observables and unobservables, which have been identified by part (i) of the data. The probability that a health shock
occurs can thus vary over time and can differ between individuals based on both observed and time-invariant unobserved characteristics. Without
assumingunobserved characteristics to be time-invariant, itwould not be possible to identify the effects of health shocks from changes in unobserved
characteristics.
Appendix B. Definition of disability

We base our definition of disability on Currie andMadrian (1999)
as the mental and physical characteristics that, either constrain nor-
mal daily activities, or cause a substantial reduction in productivity
on the job. The NCDS data contains a set of question on health status.
Individuals are asked at ages 23, 33 and 42 whether they have a
longstanding illness, disability or infirmity which limits their activi-
ties compared to people their own age. They are subsequently re-
quested to document whether it limits their daily activities or the
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work they can do, the age of the disability onset and the type of dis-
ability. Disability types are coded according to the international clas-
sification of disease (ICD-9) produced by the World Health
Organization (1977).

The ICD is extensively used in health studies and is grouped into 17
broad categories:

1. Infections and parasitic diseases (e.g. tuberculosis, shingles, herpes
simplex, glandular fever),

2. neoplasms (e.g. Hodgkin's disease, leukemia),
3. endocrine, nutritional and metabolic diseases and immunity

disorders (e.g. obesity, diabetes),
4. diseases of the blood and blood-forming organs (e.g. anemia,

coagulation defects),
5. mental disorders (e.g. depression, neurotic disorders, mental

retardation),
6. diseases of the nervous system and sense organs (e.g. epilepsy,

migraine, blindness, deafness),
7. diseases of the circulatory system (e.g. hypertension, pericarditis,

aortic aneurysm),
8. diseases of the respiratory system (e.g. bronchitis, asthma, pleurisy),
9. diseases of the digestive system (e.g. duodenal ulcer, appendicitis,

cirrhosis of the liver),
10. diseases of the genitourinary system (e.g. renal failure, cystitis,

infertility),
11. complications of pregnancy, childbirth and the puerperium

(e.g. spontaneous abortion, etopic pregnancy),
12. diseases of the skin and subcutaneous tissue (e.g. eczema, psoriasis),
13. diseases of the musculoskeletal system and connective tissue

(e.g. rheumatoid arthritis, derangement of joint)
14. congenital anomalies,
15. certain conditions originating in the Perinatal period,
16. symptoms, signs and ill-defined conditions,
17. Injury and poisoning (e.g. fractures, sprains, dislocations, traumatic

amputation).

Appendix C. Details of the simulation exercises

The goal of the simulation exercise is to predict within the full pop-
ulation the fraction of individuals that is at a given age in a particular
employment or health state, say Sl(t) = 1 and Sh(t) = 0. In many of
the simulations we are interested in health shock that occurs at a
moment τ b t, so A(τ) = 1. Our sample consists of n individuals with
observed characteristics xi = (xi(T0), …,xi(T1) and the unobserved
heterogeneity has four point of support. This implies

Pr Sl tð Þ ¼ 1; Sh tð Þ ¼ 1jA τð Þ ¼ 1ð Þ ¼
X1

w1 ;w2¼0

θ1w1 1−θ1ð Þ1−w1θ2w2 1−θ2ð Þ1−w2�

�
Xn
i¼1

PrðSl tð Þ ¼ 1; Sh tð Þ ¼ 1jA τð Þ ¼ 1; xi;αa;1w1 þ αa;2w2
�!

:

 

To obtain for each individual the probabilities Pr(Sl(t) = 1,Sh(t) =
1|A(τ) = 1,xi,αa,1w1 + αa,2w2) we exploit that there are only four
states. So, for each individualwe compute the logit probability of the ini-
tial state Sl(T0) and Sh(T0) and from there we can use the transition
probabilities to exactly compute the probability to be in each of the
eight possible states at any moment. When computing these probabili-
ties we take the imposed history of health shocks into account.

Even though we refer to this as simulation exercise, we do not actu-
ally simulate, but simply multiply probabilities. The Delta method is
used to compute standard errors.
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