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Abstract: This paper focuses on the relation between thetaisa disability and
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increases the likelihood of an onset of a disabidit around 172%. However, accidents
are relatively rare events and therefore the laogetrof observed disability rates result
from gradual deteriorations in health. The abseri@direct effect of accidents on
employment outcomes, allows instrumenting the oasdisabilities by the occurrences
of accidents. We find that onset of a disabilitpygé 25 causally reduces the employment
rate at age 40 with around 14 percentage points effiect is stronger for males and for
low educated workers. Our results indicate thatiabmo-third of the association
between disability and employment can be explamethe causal effect of the onset of a
disability on employment. This fraction is higher men and for lower educated
workers.
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1. Introduction

A substantial share of the working age populatiothe industrialized world suffers from
a long standing iliness or disability that resgict daily activities and/or work (Dupre
and Karjalainen, 2002). Disability prevalence raesalready high at relatively young
ages. For instance, in the UK around 5% of the 2@€ar old have a long standing
disability and this number increases to around 1&%he 40-44 year old and 28% for
those aged 55-59 (Berthould, 2006). Similar disgtxiates are found for the US
(Kapteyn et al., 2006). Disability is associatethwhigher benefit take up, poverty and

lower employment rates.

This paper focuses on the causal effect of thetaiselong standing illness or
disability on employment. This issue is of dirgoportance for policies that intend to
prevent the onset of disabilities and to increasddbor market prospects of people with
disabilities, such as the UK’s Disability Discrinaition Act (DDA) or the Americans
with Disability Act (ADA). Deleire (2000), Acemogland Angrist (2001) and Hotchkiss
(2005) study the employment effects of the ADA &adl and Heitmuller (2005) the
employment effects of DDA. The size of the causi@at indicates the potential effects
of such programs. Besides the disability, an irtiliél’s employment status also strongly
depends on other demographic and socioeconommr$adtherefore, for policy purposes
it is important to know how much of the differenneemployment rates of disabled and
non-disabled workers can be ascribed to backgrobadacteristics and how much to the

direct causal effect of disabilities.

The issue is also of interest for the large liter@ion the association between
socioeconomic status (SES) and health (see e.ghS1899, for a survey). Even though
many economic and epidemiological studies havébksited a strong positive
association (‘gradient’) between health and SE& s known about causal
mechanisms. Assessing causal relations with obsenahdata is non-trivial. Not only
may there be direct effects of health (disabildg)SES and the other way around, but
also unobserved individual specific effects caateeto both health and work. Therefore,
independent variation in health is required to ss$s causal effect on work.



We use accidents that have caused a visit to dathbsgm outpatient facility or a
casualty department as a measure for unanticipegaith shocks. These accidents
include for example traffic accidents, work placeidents, heart attacks and sport
injuries. Such health shocks contain new infornmatethe individual and thereby provide
some unanticipated variation. We use this inforamato first assess the causal effect of an
accident on the disability status and next useathian instrument to assess the causal
effects of a disability on employment outcomesoudin context no anticipation means that
the exact timing of the accident is not known inatte. This does not rule out that
individuals may be aware that at some momentsiskeof experiencing an accident may
be higher than in other periods, for instance beedlis risk depends on current
employment status. Also we do not require accidenbe exogenous, conditional on
observable characteristics. To be a bit more sigegdfout the model, we construct a
discrete-time discrete-choice model for accideditsgbility and work. The transition
rates between disability and work states can et by accidents and accidents can in
turn be influenced by the individual’'s employmentalisability status. The three
endogenous variables of the model are relatednaebserved components that remain
fixed across time. Identification of this kind obatels have been discussed extensively
by Abbring and Van den Berg (2003) and Heckmanhanarro (2007).

Our approach relates to a growing literature tisasunatural) experiments to
identify causal relations between socioeconomitustand health. For instance, Lindahl
(2005) used lottery prize winners and Snyder arahE\{2002) used changes in the social
security law to assess the causal effect of incomiealth. They find small effects of
income on health. This is in agreement with Case@aton (2005) and Smith (2007),
who conclude that the larger part of the assoaidtietween health and SES at middle
and older ages is driven by an effect of healtisBS, rather than the other way around.
Mgller-Dang (2004) uses a propensity score anfereince-in-difference matching
method to estimate the causal effect of road ieguaon income and employment. She
finds short and long-run effects of road accidem&mployment status for men, but not
for women. Lechner and Vasquez-Alvarez (2006) aattfa Gomez and Lépez Nicolas
(2006) use matching methods to identify the effettsork limitations on employment

and income. Both papers find significant nagtiieas of health on employment and



income. There are some studies in the developriterdtlre that use social experiments
to assess the effect of health on socioeconomeoos. For instance, Miguel and
Kremer (2004) used a randomized experiment to etala program of a school-based

treatment with a deworming drug in Kenya.

We estimate our model using data from the Britigttidhal Child Development
Study (NCDS). The NCDS is a longitudinal study miund 17,000 individuals born in
Great Britain in the week of 3-9 March 1958. Theskviduals are followed from birth
up to the year 2000, when they were 42 years dldga 40 already about 12% of the
respondents face a permanent disability and al&t & these disabled are out of work.
The results show that accidents causally incrdeserobability of the onset of a
disability with 172%. However, because accidengsrare events, the larger part of the
onset of disabilities come from a gradual detetiorain health. We find that accidents
affect an individual's labor market status onlyinedtly through the onset of a disability.
Therefore, accidents act as instrumental varidblethe onset of a disability.
Calculations with the model show that the caudalctf the onset of a disability at age
25 on the employment rate at age 40 is -0.144. Mitedrmore estimate the model for
different subgroups and find large differences leetwvmales and females and high and
low educated workers. Male employment rates ad@gare about 23 percentage points
reduced due to a disability, for females this igpgBcentage points. Employment rates at
age 40 of low educated workers (O-level or below@)raduced with 21 percentage
points, for high educated workers this is only fcpatage points. We show that in the
complete sample about two-third of the associdbemveen disability and employment
can be explained by the causal effect of the aoisatdisability on employment. The
remaining one-third is heterogeneity. It should beer be noted that for women
heterogeneity is more important in explaining tesagiation, while for men and lower
educated workers the association is mainly expthimethe causal effect from disability
to work. This may imply that policies that aim ditly at the employment effects of the

disability can be effective in increasing employitnetes for these groups.

The structure of the paper is as follows. Sectialis2usses the theoretical
background and the empirical model. Section 3 chtoes the NCDS data and reports on



the variables used in the empirical part. Empirteallts are discussed in Section 4.

Section 5 concludes.

2. Theoretical background and the empirical model

Health production models (Grossman, 1972) or rélatedels (e.g. Cropper, 1978, Ehrlich
and Chuma, 1990, Sickles and Yazbeck, 1998 and &akBPeaton, 2003) assume that
individuals inherit an initial stock of health, whi depreciates with age and increases with
health investments. Individuals are rational ageitts include expectations about their
health when making health investments (such astheale consumption and work). If
health trajectories are predictable, individualscgmate to that and change their behavior
accordingly. So an observed change in labor matkéis that precedes a health transition
can be the result of anticipated behavior rathem tabor market status causally affecting
health. An unforeseen shock contains new informatahe individual and thereby

provides some unanticipated variation in health ianrelated to work status.

Accidents should be considered as unanticipatethhe&@ocks, which provide new
information to the individual. We will be more sjfexcabout the definition of accidents in
the next section when we discuss the data. An eatiday cause the onset of a permanent
disability of chronical condition. Here our apprbatiffers from for example Smith (2003)
and Adams et al. (2003) who use the onset of anahoondition as a measure for health
shocks. Accidents occur at different moments madind therefore our model should be
dynamic. A dynamic model also has the advantagemba@an substantially relax the
requirements for accidents to be valid health skodkthin our dynamic model we do not
restrict accidents to be exogenous. Instead weocgkpmodel the occurrence of an
accident and allow unobservables to affect joititlyprobability of experiencing an
accident, the onset of disabilities and labor maokécomes. Unanticipation of accidents
means that people cannot fully predict the ekadhg of the occurrence of an accident.
This allows identifying the causal effects of aetits on the disability and employment
status without exclusion restrictions or strongctional form restrictions. Abbring and

Van den Berg (2003) and Heckman and Navarro (20@R)de extensive discussions on



the identification of causal effects in event-higtmodels and discrete-time discrete-choice
models, respectively. We return to identificatissues after we have discussed our

empirical model.

Empirical specification

The data contain individuals who were all bornha week of 3-9 March 1958. These
individuals are followed from birth up to age 42e\Wave constructed individual labor
market histories from the moment the individualvksafull-time education up to the end
of the observation period. The labor market histodontain yearly information on
employment status and health status.S¢} denote the individual's labor market status
on his/hett™ birthday, which can either be working (1) or noarking (0). Since we only
start following individuals after leaving full-timeducation, non-working does not
include full-time education. The varialfig(t) denotes the health status on the
individual's t™ birthday, which can either be disabled (1) or désabled (0). Because we
only focus on permanent disabilities (and thus rgrethort-term limitations), being
disabled is an absorbing state. This implies $@tk)=1if S,(t)=1 (for allk=1,2,...).

For each year we observe whether an individual empeed an accident, the variable

A(t) equals 1 if an individual experienced an acci@ragda and O otherwise.

We observe the sequen&(To+1),S(To+ 1) A(To+1)),....(S(T2),S(T2),A(Ty)) for
an individual who leaves full-time education at dg@and remains participating in the
surveys until agd;. Each year the individual can move between fofient states, (1)
employed/non-disabled, (2) non-employed/non-dishl{&) employed/disabled and (4)
non-employed/disabled. To analyze the transiticia/ben these states we use a discrete-
time discrete-choice model, where transition prdiiegs depend on current and past

accidents.

Accidents do not occur exogenously, for examplaé¢hat work may be exposed
to adverse working conditions which may increasertbk of having an accident. We
allow the probability of the occurrence of an aecitin time interval <t, t+1] to depend

on the individual’s labor market and disabilitytstaat time t, and also on observed



characteristics at time x({)) and a time-invariant unobserved compongntWe use a

logit specification to model the probability of aocident at age

a(s (1), s, (1), X(©).v,)= PrA®) =1] S (1) =5 (1), S, (1) = 5,0, X(1).v,)
_ exp(t)y+3s () +4,8,() +V,) (1)
1+exp(t)y + 35 (1) + 6,5, () +V,)

The parameter§ andd, describe the effects of being employed and beisaoted on

the incidence rate of accidents, respectively. Vdwtor of observed individual
characteristicg(t) includes an intercept, a set of socioeconomiesattieristics and a
fourth order polynomial in age. Recall that becaalsendividuals in the data are born in
the same week, the polynomial in age also incledésndar time effects such as business

cycle fluctuations.

Accidents can affect the probability that indivitkienove between different
disability and employment states in two ways. Fitstre is an instantaneous, effect,
which we allow for by including the indicator fumam A(t) as one of the regressors in the
transition model. Second, we allow accidents teeh@mpermanent, long-run effect. Once
an individual has had an accident, this might affes/her transition probabilities in all
following years. Therefore, we define the indicdtarctionA(t), which takes on the
value 1 if the individual experienced an accideitimto aget and zero otherwiskThe

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

Pi.iyem (@), A0), X(©), V(i ) gemy) =PIS E+D) =i, S, (t+1) = j | B
S (t) =k, S, (t) =m, A(t) = a(t), Alt) = a(t), x(t), Vi jwm)



which we parameterize again as a logit function

Pa.iy.k.m (a(t),a(t), X(t)lv(i,j),(k,m)) =

_ 2a
exp(xtﬂ(i,j),(k,m) 16.i).m) a(t) + :u(i,j),(k,m)a(t) + V(i,j),(k,m)) (2a)
1+ zeXp(xt,B(i cincem T aem @) TG em @) Vi aom)
(@*,)#(k,m)
if (i,j)#(k,m)and
P, my. (k. m) (a(t),a(t), X(t)lv(k,m),(k,m)) =
1 _ (2b)
1+ z exp B inaem T i.0m @) F Ly iem@®) + Viiywom)

(i j)#(k,m)

Since disability is an absorbing state this tramsiprobability equals O iin is disabled

andj is non-disabled.

The parameters ;) «m) describe the instantaneous effects of an accmtetite
different transition probabilities, while the parai@rsy ;) «m describe the permanent
effects of ever having experienced an accident.ifipact of an accident can thus be
different for individuals in different employment@ disability states. Accidents are not
only related to the transition probabilities thraugese effects, but we also allow for
interdependence through the time-invariant unoleskheterogeneity components. The
unobserved component in the accident probahilityay be related to the unobserved
components in the transitions probabilit@p,m, U i,j,km. We use a random effects
specification for the unobserved heterogeneity,iarghrticular a so-called factor-

loading specification to allow for correlations Wween the different unobserved

! In our model this indicator remains 1 if the iridival gets additional accidents.



heterogeneity terms. When estimating the modelake two random factorsv{,w.),
which both have two discrete mass points at 0 arithé parameter®, andd, denote the
probability that the variables; andw;take the value 1, respectively. The unobserved
heterogeneity terms follow

Vo =01 W, 0, ,W, (3a)
and

Vi im = i inkema W T Ty, cm),2We (3b)

The factor-loading specification implies that tbemv, equals 0 with probability (1
G)(1-6), va= aa1 With probability & (1- 6), va= aa2 With probability (:&8)& and

Va= 01+ Qap With probability 8 6. The termsyj),«m are defined in a similar way. The
unobserved heterogeneity could, for example, picke difference between white and
blue-collar workers, where the blue-collar workemght have higher probabilities of
being disabled and non-employed and a higher inceleate of health shocks. The
parameters,, andojk m) determine the sign and the magnitude of the catroel

between the accident rate and the transition pibtied These parameters are estimated
along with the other model parameters (as welhaparameterg, and6,).

Identification of the model

The main parameters of interest arendu, describing the instantaneous and permanent
effects of an accident on disability and work omtes. Abbring and Van den Berg

(2003) discuss the identification of such paranseiteevent-history models.

Identification hinges on the assumption that indiixls do not anticipate the exact
moment of arrival of the accident. No anticipatinrour context means that transition

probabilities prior to the occurrence of an acctdae not affected by the future accident



and also not by the moment at which this accidelhiecur. For example, conditional

on the observables and unobservables the trangitababilities at age 25 are the same if
this individual is hit by an accident at age 2@&bage 40. The accident does not have any
impact on transition probabilities prior to the mamhat which the individual is actually

hit by the accident. This does not imply that aenid are exogenous or that each
individual has in each time period the same prdlwlf experiencing an accident. It
rather implies that individuals cannot foreseedkact moment at which an accident
occurs to them. So individuals might know that antigular periods the probability of
getting an accident is high, for example when thieyemployed or as they get older.
Furthermore, the probability that an accident os@am differ between individuals, based

on both observed and unobserved characteristics.

The intuition behind the identification comes fraplitting the data in two parts,
(i) transition before individuals are hit by an aesiiand if) transitions after individuals
have been hit by an accident. The assumption afnticipation implies that we can
identify all model parameters excepandu from data until the moment individuals are
hit by the accident, so par) f the data. Parti] of the data should thus be used to
identify the parametersandu. Indeed identification of andu comes from comparing
transition probabilities before and after the ocence of the accident conditional on
observables and unobservables, which have beetifidéiy part () of the data.
Whereas Abbring and Van den Berg (2003) have daraomis-time framework,
Heckman and Navarro (2006) discuss a discrete-dmadéogue such as our model. They
achieve semi-parametric identification for dynamhiecrete-choice models under less

strong assumptions than Abbring and Van den B&3g3R

An accident is defined in our data by a questioetver an individual had “been
admitted to a hospital or attended a hospital digpaor casualty department as a result
of any kind of accident”. It is clear that this nrsaee satisfies the condition that the event
can not be anticipated. It is important to noteshtbat the UK has a National Health Care

system and that in principle health care is acbes$or all? Of course, it remains an

2t is possible to buy supplemental private healgurance. This private insurance allows individual
have more freedom in the choice of provider, toehaprivate room, when hospitalized and to havetsho
waiting times for specialized care. Only about 1&8%he individuals have private insurance.
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individual decision whether or not to go to hodpitther an accident. For example, an
individual's socioeconomic status may affect thebability that the individual visits the
hospital after having experienced an accident. Siifférences are controlled for by the
observed characteristigsand unobserved characteristigsn the model for accidents

(see equation (1)).

Models equivalent to our model have been usedtimate the causal effect of
active labor market policies on the reemploymeniregmployed workers. Bonnal et al.
(1997) estimate the causal effect of training paogs for unemployed workers and Van
den Berg et al. (2004) evaluate imposing puniteragorary benefits reductions on

welfare recipients.

The identification results apply in our model te @iffects of accidents on the
disability and employment status. Our ultimaterest¢ is in the causal effect of the onset
of a disability on employment. Our empirical resyitesented later show that accidents
do not have a direct effect on employment if thdividual’s health status remains
unchanged. The accident thus causes some varnatiba disability status, which in turn
could be used to identify the causal effect ofdheet of a disability on employment
status. This is similar to an instrumental varia®éing. We exploit this finding in our
model simulations to estimate the causal effethefonset of a disability on later

employment outcomes.

Estimation

Since the model is fully parameterized, we canmagimum likelihood to estimate the
parameters. For each individual, we observe theesexg of realizations(To+1),
S(Totl),a(Totl)), ...,(S(T1), Sx(T1), a(Ty1)). In the estimation we condition on the initial
labor market status(To+1) and health status(To+1) of the individual (i.e. the moment
the individual leaves full-time education). The tidyution to the likelihood function of
for this individual is given by:

11



-1

1
1= Y M (1-6)""6," M-8, []a(s (1),5,(1), X(0), a0, W, + @, ,w,)

Wy, W, =0 t=Tp+1
1-a(t)

@-q(s (t),s, (1), (1), @, W, +a,,W,))
P(s 0.5 O .5ty @ ) X, O g 15,005 (00612 T g .50 (405 040).2W2)

The total likelihood function is the sum of the éoghm of these individual likelihood

contributions.

3. Data
Sample

We use the National Child Development Study (NC2S@ngitudinal study that follows
about 17,000 individuals born in Great Britain e twveek of 3-9 March 1958. The study
started as the “Perinatal Mortality Survey” andveyed the economic and obstetric
factors associated with stillbirth and infant mbtya Since the first survey in 1958,
cohort members have been traced on six other @statd monitor their physical,
educational and social circumstances. The waves earied out in 1965 (age 7), 1969
(age 11), 1974 (age 16), 1981 (age 23), 1991 (aparki 1999/2000 (age 42). In
addition to the main surveys, information aboutphélic examinations was obtained
from the schools in 1978. For the birth surveypinfation was gathered from the mother
and the medical records. The interviews for wave 3 (covering age 7, 11 and 16) were
carried out with parents, teachers, and the sdimealth service; while ability tests were
administered to the cohort members. The subseguewntys included information on
employment and income, health and health behasitimenship and values,
relationships, parenting and housing, educationteining of the respondents. In waves
4, 5 and 6, individuals were asked to retrospelstigere information on their
employment, unemployment, out-of-the-labor-forcd aducation/training periods,
recording their starting and ending dates. The N@xBerefore highly appropriate to

look at life histories.
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Our model describes transitions between disalaliy labor market states from
the moment that individuals leave full-time educatiWe therefore use a sample of
12,375 individuals who participated in the 1981vsyrat age 23 and for who we can
construct labor market, health and accident hist3rCase et al. (2005) investigated
attrition from the survey by comparing low birth igiet and father’s occupation across
different NCDS waves. They did not find any evidemar non-random attrition with
respect to these variables. Furthermore, advisodyuaer support groups of the NCDS
compared respondents and non-respondents in theslatveys in terms of social and
economic status, education, health, housing anddephics. It was found that the
distribution of these variables among the sampteigors did not differ from the original
sample to any great extent (NCDS User Support, 199hkddition, the 1981 sample was
compared to the UK 1981 Population Censuses insteffithe distributions of key
variables such as marital status, gender, econactivty, gross weekly pay, tenure and
ethnicity (Ades, 1983). The overall conclusion waet the sample appears to be

representative with respect to these variables.

Dependent variables: labor market status, disapsitatus and accidents

The labor market status measured each year in March, around the tintleeolbirthday

of the individuals. We distinguish two labor marketcomes, employed and non-
employed. An individual is considered to be emptbiesither the individual has a full-
time or part-time job, is self-employed or on maisgrleave. Also an apprenticeship
scheme which is part of a job is considered as eynpént. Currie and Hyson (1999),
who use the same data to examine the long-runtefféow birth weight on educational
attainment and labor market outcomes, find that #mapirical results are not sensitive to
the exact definition of employment. In Figures H &ywe show for males and females at
different ages the employment rate, the unemploymata and the fraction of individuals
out of the labor force and in full-time educatidine figures show that employment rates
are higher for males, that a substantial sharbeoféamales is out of the labor force and

% 60% of the individuals in our sample are presentave 4 (age 23), 5 (age 33) and 6 (age 42), 28% o
in wave 4 and 12% in waves 4 and 5.
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that this fraction declines with age. For malesfthetion of workers out of the labor
force increases gradually with age. The unemploymegas are higher between the ages

of 22-25, these ages coincide with a period whern K experienced a severe recession.

We define a disability/ longstanding illnefsesm the response to the following

guestion:

Do you have any longstanding illness, disabilityrdirmity of any kind?

The respondents are asked to report whether thblohgstanding illnesses, disabilities
and infirmities for every year at around the tiniehir birthday. And if so, from which
conditions the respondent suffered. We only comsidaditions that are included in the
International Classification of Diseases (ICD-9Qquced by the World Health
Organization (1977). The ICD-9 is extensively usedpidemiological and health
management studies to classify diseases and hpraltkems (World Health
Organization, 2004). These include, for instaneapsis disabilities that limit work/daily
activities such as epilepsy, blindness, deafnesaétjpte sclerosis, mental retardation, a
congenital condition, or a traumatic amputatiomndernal injury (see the Appendix for
the complete list). We only consider an individaaldisabled if the individual reports
having the same longstanding illness, disabilitynérmity for at least three consecutive
years?® Case et al. (2005), use responses to the quéskinn good is your health” and
find that these self reports are strongly correlatethe question on the prevalence of long
standing ilinesses, disabilities and infirmitiegjékal et al. (2004) show in a report
commissioned by the UK Department for Work and Rerssthat age-specific disability

* We added this condition to be sure that we harg lasting impairments. For instance, if an indixtl
reports to have complications of pregnancy (codaltie ICD-9 classification) during one year, thka
individual is not counted as permanently disablzidabilities listed in the ICD-9 code lasting mahan 3
years are considered to be permanent. The datarodhft recovery rates after 3 years are very low.
> We follow our respondents up to age 42. The eoaralition that the impairment should last at lehste
years implies therefore that in the estimatiorhef tnodel we only use the disability and work higtor
information up to the age of 40.

14



rates for employed workers do not vary much acsasgeys using different definitions

for disabilities.

Figure 3 shows the fraction of individuals withiaability after age 16. Disability
rates are very similar for men and women. At age\afy 4% of the individuals in the
sample has some disability. This increases up @atal?% at age 40. Some people
already have long standing disabilities that stadiering childhood, but the majority of
the disabilities started during working ages. let féhe slope becomes somewhat steeper
at older ages, which means that the hazard ofrieet®f a disability becomes larger as
people get older.

We derive our measure for an accidiom the following question:

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

We observe both the date of the accident and thgefMen are much more likely to
experience an accident than women. In our sampdend 77% of the men had at least
one accident during the observation period, wiig was only about 42% for women.
We follow individuals for more than two decades #mefefore quite a few respondents
have experienced more than one accident duringéried. Not only the incidence of
accidents differs between men and women, but hlscause differs. Table 1 lists
accidents by cause and gender. For each causeremgrueh more likely to experience
an accident than women. The most substantial dififes in incidence rates occurs for
work and sports-related accidents. Because ofdlge share of work-related accidents,
it is particularly important in our empirical anabs to allow the accident probability to

depend on labor market status. Figure 4 plots dnncidence rates by age and shows

® The questionnaire restricts the number of acc&ltivat can be reported to 8 in the 1981-wave andtte
1991 and 1999/2000-wave. In each wave only betvesmd 2 percent of the individuals actually reports
this maximum.
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that for both men and women the probability ofiggtan accident is relatively high until

the mid-twenties and drops substantially afterwards

We use the annual labor market status and disabihtus to classify each
individual in each year in one of four states:brk and disabled, (2) non-work and
disabled, (3) work and non-disabled and (4) nonkveard non-disabled. In Figure 5 we
show for different ages the fraction of individualseach state. At all ages most
individuals are employed and non-disabled. At latges the fraction of individuals in the
non-work non-disabled state decreases while tletidrzs of individuals increase in both
disabled states (either with or without work). Tigeire shows a fall in employment rate
at ages 22-25, this is in line with the observeitigpas in Figure 1 and 2. Our empirical
model is specified in terms of yearly transitioolpabilities between the four states.
Table 2 provides for both men and women a summiattyeoyearly transitions. The table
shows that there is a high degree of state deperderd that individuals are much more
likely to change labor market status than disabgitatus. The table also shows that
16.8% of the men with a disability find a job iretaubsequent period. This means that
there remain employment opportunities for peopl aidisability. However, note that
this number should be contrasted with the 41.9%oofdisabled workers who find a job
in the next period. For females the differencesvben the job-finding rate of disabled

and non-disabled workers is much smaller (12.8%us09.3%).

Background variables

The NCDS is very rich on individual characteristiEsr each individual we observe a
range of variables that give information on anwdlial’s initial health, socioeconomic
status and cognitive ability during childhood. bmetructing the relevant background
variables we follow the definitions used by Casalef2005) and Currie and Hyson
(1999). Table 3 provides sample means on thesablas. For many variables there is
some item non-response. To avoid losing many ohtens we follow Case et al. (2005)
by constructing dummy variables that indicate & thformation on a variable is missing.

So if an individual's characteristics are missitiggn the variables describing these
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characteristics take value 0 while the dummy véaeiaidicating that these variables are

missing takes value 1.

For each individual we observe the educationalrattant. The level of education
is derived by compiling an education variable va#tegories aggregated to national
vocational qualification levels. We include theldoling categories: less than O-level, O-

level equivalent, A-level equivalent and degreeiemjant.

The family’s socioeconomic status is derived fréma tather’s social class at
birth. The social class corresponds to a system ligehe British Registrar General and
consists of: professional, supervisory, skilled-maanual, skilled manual, semi-skilled
non-manual, semi-skilled manual, and unskilled. &dMssify socioeconomic status as
high if the father is in a professional, superwsakilled non-manual job; medium if the
father is in skilled manual, semi-skilled non-manaad low if the father is in a semi-
skilled manual and unskilled job. Following Curaied Thomas (1999), we classify
individuals whose father’s information is missingthe mother’s social class. In case the
social classes of both parents are missing, wgrasise individual to low socioeconomic

status if the mother was single and to missingthlparents were present.

Low birth weight is a dummy variable for infantstiva birth weight below 2500
grams. There is evidence from the epidemiologitaddture that low birth weight is
strongly associated with infant and later life bty (World Health Organization,
2004). Low weight at birth can be the result ohertpreterm birth (before 37 weeks of
gestation) or restricted fetal growth. In the engpiranalyses we do not make a
distinction between these two categories. We craaiegmmy variable that indicates if
the mother smoked after the fourth month of pregpaBmoking during pregnancy has
been found to be related with cognitive deficiea@ed other health problems in the
medical and epidemiological literature (see fotanse Blair et al., 1995; Conter et al.,
1995; Naeye and Peters, 1984; Williams et al., L99&thermore, we observe the
mother’s age at birth. Mother’s age at the chilaith can influence the child’s health
through, for instance nutritional deficiencieshétmother is very young, or delivery

complications if the mother is older. Thereforethie empirical analyses we include also
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the mother’s age at birth squared. We use the megibirth to control for geographical

differences and/or differences in labor market ciorls.

For each individual we observe test scores on @madhsocial adjustment at age 7.
The math test is designed for the NCDS and assas#i@setic ability. The score ranges
from 0 to 10. Currie and Thomas (1999) show thsttdeores at the age of 7 have
significant impacts on later education attainmemd labor market outcomes. The
Bristol Social Adjustment Guide, is designed toeasghe child’s social behavior in
school and at home. The test is completed by #ehtr who knows the child best.
Higher scores indicate higher maladjustment. Tha diso include information on the
Southgate Reading Test. However, including thisdesre in our analyses did not
improve our empirical results after inclusion of tinath score and Bristol Social
Adjustment Guide. Therefore, we decided not tothisereading test score in the

analyses.

4. Reaults

Table 4a and 4b show the parameter estimates ohodel. In Figure 6 we show some
indication for the fit of our model. In this figuree compare the observed data to model
predictions” The model predictions manage to pick up the geéfitgaycle trends in
employment and disability. Only around age 23/24rttodel has difficulties to match the

fluctuations in observed employment rates.

We start with a brief discussion of the resultstfe mixing distribution (unobserved
heterogeneity). The parameters of this distribuicmreported in the lower panels of
Tables 4a and 4b. Almost all parameters of themgixistribution are highly significant,
indicating the importance to allow for a stochasti@tionship between disability, work
and accidents. Recall from equations (3a) andt(&)we impose a factor-loading
specification with two elements that each can takéwo values. For each transition we
thus have four mass points. The first mass poinoismalized to O because each model

" Our model describes transitions between healthatat market states after having left full-time
education. We have estimated a multinomial logiteidor the first state after leaving full-time exddion.
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equation includes an intercept. Most probabilitysmgbout 42%) is located at mass
point 2, describing individuals with a low probatyilof experiencing accidents. Mass
point 3 has less probability mass (about 10%) astibes individuals who are most
likely to get an accident. It is not straightforddo detect a clear pattern in the effects of
the unobservables in the transition probabilittast compared to mass point 1, all other
mass points describe individuals who are lessylikelget disabled and who are more
likely to stay in employment or move to employmérhe health status remains

unchanged.

Table 4a shows the parameter estimates from tliesjogcification for the
probability of getting an accident. Employed indwals have about a 41% (=exp(0.342)-
1) higher probability of getting an accident. Réé@am Table 1 that indeed a substantial
share of the accidents is work-related. The actidgga of an individual with a disability
is only about 5% higher than the accident rateafoon-disabled person. Males are more
than three times more likely to get an acciden tleanales. This is also what we directly
observe in the data when comparing males and fenjsée Table 1). Apparently,
differences in background characteristics betwealesnand females can not explain the
differences in accidents rates. The age coeffisigmdticate that the probability of getting
an accident decreases up to age 37 and increasesaatls. The socioeconomic
characteristics of the parents of the cohort merabbérave significant impacts on the
accident rate. Individuals with medium socioecormstatus and whose mother smoked
during pregnancy have higher accident rates. Thieleat rate also increases with the age
of the respondent’s mother at birth. Individual retwderistics are also important. We find
significant effects for birth weight, region anetttest scores and education. Most of
these effects are in line with a priori expectatioe find a somewhat puzzling effect of
the math test score at age 7. Individuals withghé test score have higher accident
rates. It should be noted, that the coefficient®lyueflect associations and that one

should not connect a strong causal interpretatidhdse findings.

Table 4b shows the parameter estimates of a maitaddogit model for the
transitions between different labor market andlulgg states. The main parameters of

interest are the parameters describing the eftécscidents on transition probabilities.
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We allow accidents to have a direct instantaneffesteand a long-run effect. It can be
seen from the table that the instantaneous efégetalmost always larger than the long-
run effect. Furthermore, the instantaneous effefctke accident are largest on the
transition rates from the non-disabled statesdaliled states. The estimated coefficients
for transitions between employment states wheraigebility status remains the same
are much smaller. The long-run effects mainly shiwat in the long-run accidents not

only have an effect on the disability status, bsb @n the employment status.

Interpreting the coefficients separately is difficdo illustrate the impact of an
accident we therefore consider a representativigichehl and perform calculations with
the estimated mod&ISuppose this individual did not experience andsti until age 23.
The probability that this individual is non-disathlat his/her 24 birthday is 0.933 (with
standard error 0.00034 computed using the Delthodgt Without experiencing an
accident at age 24 the probability of becominglwisdbefore his/her Z5birthday is
0.0025 (s.e. 0.000062). However, if the individdial experience an accident at age 24,
this probability becomes 0.0069 (s.e. 0.00015)th®a@ccident increases the
instantaneous onset of a disability with around%72.e. 20%). The t-test for
significance of the impact of an accident on theetrof a disability is thus 8.58, which
implies that an accident not only has a very sutstieffect, but the effect is also
strongly significant. Not only has an accident mstantaneous effect on disability rates,
but the effect is also long lasting. More specificaf this individual does not get any
other accident, then with an accident at age 24dibability rate at age 40 is 0.141 (s.e.
0.0022). The disability rate at age 40 equals 0($28 0.0018) if the individual never
had an accident. We can conclude from this thatlants are important for the onset of

disabilities and that there are both short-runland-run effects.

The occurrences of accidents are relatively raemesv Until age 40 men
experience on average about 2.4 accidents and wong10.8. Model calculations show
that accidents can only account for about 12%lafishbilities at age 40. Hence, the
larger part of long standing disabilities arisesrira gradual deterioration in health.

Although we should be somewhat cautious, our déimiof an accident includes that it

8 In fact, we simulate the model for all individualsd compute averages over all individuals.
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should lead to a hospital, outpatient or casuapattment visit. Health events that did
not directly lead to hospital visits are thus imgd in the gradual deterioration of health.
This also holds for health events that may haveediospital care in the longer run.
The distinction between gradual and sudden chaofgesalth therefore strongly depends
on the definition of the health shock variable.pgfifne importance for this paper is the
causal effect of the onset of a disability on empient and for this we require random
variation in the timing of accidents. With thisistrdefinition of an accident we ensure

that this condition is satisfied.

The instantaneous effect of an accident on employmages is negligible.
Consider again a non-disabled 24 year old individi¥& compare the situation where
this individual does not experience an accidenh wie situation where s/he does
experience an accident. To get the instantanedest @f an accident on employment we
assume that the accident does not lead to a diggbi. at his/her 28 birthday the
individual is still non-disabled). In this case #gm@ployment rate at age 25 is 0.805 (s.e
0.0018) with the accident compared to 0.804 (s@XB) without an accident. This
difference is thus very small and not significaltiere are therefore two potential ways
in which an accident can affect employment in tirggtrun. First, the model allows for
permanent effects and second the effect can ruthgianset of a disability. We find that
long-run direct effects of accidents on employnratgs are also small. An individual
who receives an accident at age 24 and who dodsecome disabled in later years has
only a 1.1 percentage point lower employment ratega 40 (the employment rates at
age 40 falls from 0.890 (s.e 0.0020) to 0.879 (x@024)). Now suppose that this
accident actually leads to a disability at aget@&n the employment rate at age 40 is 9
percentage point lower (the employment rate fatisnf0.890 (s.e. 0.0020) to 0.799 (s.e.
0.0078)).

So from the above we can conclude that an acciargally affects disability
rates both in the short and long-run. Accidentsehav instantaneous and small long-run
effects on employment if individual remains in gduehlth after accident. We exploit this
to estimate the causal effect of the onset of abdlisy on employment. In particular, we

construct a simulation in which the instantanedteceof an accident acts as
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instrumental variable for the onset of a disahilitiiis implies that we turn off the
permanent effect of accidents, which correspondsxample to the occurrence of a
second accident to an individual. Recall that seisl have a substantial effect on the
onset of a disbility and that this effect is striyngjgnificant. Again we focus on accidents
at age 24. Now with the accident as an instrumentan compute the Wald estimator for

the causal effect of the onset of a disabilityge a5 on the employment rate at age 40

Pr(S, (40) =1| AR4) =1,A(24) =1) - Pr(S, (40) = 1| A(24) =0,A(24) = 1) - o

Pr(S, 25 =1/ AQ4) =1,A(24) =1) - Pr(S, (25 =1| A(24) = 0,A(24) =1) 144

(s.e. 0.048)

The onset of a disability at age 25 causes a sigmnif reduction in the probability of

being employed at age 40 by 14.4 percentage pdihts.estimator exploits the

estimated causal effects of the accidents on fifereint transition probabilities.

However, it provides an estimator for individuaigree margin where an accident triggers
the onset of a disability. We can compare thigrestidr to an alternative estimator, which
is derived from taking the difference in employmeates between those who become
disabled at age 25 and who do not. The reducti@mployment rates at age 40 due to
the onset of a disability at age 25 is 0.205 (078)4 This estimator is substantially

larger and much more precise than the Wald estinadiove.

Recall that the raw data do not show any differenealisability rates between
males and females, but males have much higherextaigks. Also the types of
accidents differ between males and females. Thghnalso imply that accidents have
different effects for males and females. Therefae estimate separate models for males
and females. We also estimate separate modelsgioeducated (A-level and Degree
equivalent) and low educated (O-level and belowyhHeducated and low educated
individuals have different types of jobs and maykua different sectors and therefore

the causal effects of the onset of a disabilityeorployment may differ. We do not show

° So we us@r(S(40)=15,(25)=1)Pr(S(40)=15,(25)=0).
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the parameter estimates for these models, butshray the results from simulation

experiments in Table 5.

From Table 5 we can see that there is no differandesability rates at age 40
between men and women (column three), but that wdmage much lower employment
rates (column two). Until age 40 men experiencawrage 3 times as many accidents as
women (column four) and for men an accident is ni@edy to cause a disability
(column five). This implies that for men a muchglar share of the disabilities is
explained by accidents. Low educated individualseHawer employment rates and
higher disability rates than high educated indigidu There is no substantial difference
in the accident rate of high and low educated warKeut for low educated an accident is

more likely to trigger the onset of a disability.

Table 5 also shows that the causal effect of ebdisaon employment differs
with respect to gender and education (column 3ilkg onset of a disability has a large
and significant causal effect on employment ratesale and lower educated workers.
For females and higher educated workers smallerreghificant effects are found. The
relatively small and insignificant effect for ferealmay be explained from differences in
the type of jobs that men and women are holdinguinanalyses we do not make a
distinction between part-time and full-time worlerfales are more often employed in
part-time jobs and it may be easier to continuekimgrin these jobs after the onset of a
disability. Also, females have lower participati@ties and the marginal working female
may be different from her male counterpart. Théedénce between low and high
educated individuals may (again) be due to thesifit type of jobs and characteristics
of the working environment. For instance, contigvorking with a chronic condition
may be easier for a high educated worker in th@sesector than a low educated

construction worker.

Column seven of Table 5 reports the differencemipleyment rates between
different groups of workers. This difference isided from a direct comparison of the
employment rate between disabled and non-disabtekless and thus consists of a
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causal impact of the disability and differencedatkground characteristic3So this is
employment gap merely reflects an association betvagsability and employment
outcomes. For the full sample 14.4 percentage paihthe 22.9 percentage point
difference in employment rates between disablednamddisabled workers is due to a
causal effect. The remainder is due to differersteobed and unobserved background
characteristics of disabled and able bodied workess males virtually all of the
employment gap between non-disabled and disableklensocan be explained by the
causal effect, whereas for females the differencamployment rate is primarily due to
differences in background characteristics. Thisliesgthat for males policies directly
aimed at disabled workers, such as the UK DDA erlls ADA, may be more effective
than for females. For females other factors amgelgrexplaining the association and
hence policies aimed at disabled workers (likaristance workplace accommodations)
may not be effective in increasing employment rafés find similar results for the
different education groups. For lower educated wigkthe employment difference
between non-disabled and disabled workers is softstéabout 27 percentage points)
and the larger part of this employment differenae be explained by the causal effect of
disability on work. This finding corresponds to €asd Deaton (2005), who argue that
health related absences from work are importanth@differences in socioeconomic
outcomes (like income and work) and that this effestronger for workers in manual
occupations. Indeed, we find that for higher edettatorkers the employment gap is
much smaller (only about 11 percentage points).laiger part of this employment gap
can be explained by the causal effect, but it bdsetnoted that the causal effect is not

significantly different from zero.

5. Conclusions

In this paper we have focused on the relation betveksability and employment

outcomes and particularly the causal effect oflaigg on employment. We have

% More precise, we simulate our model for all woskier our sample and we compute the employment gap
at age 40. This association is thus the consequrmath the causal effect of a disability and eliéinces
in observed and unobserved background charactsristi
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developed an event-history model that describesitians between disability and work
states and we allowed the transitions rates tdfbetad by health shocks. These health
shocks are endogenous in the sense that theiakbdepends on the same observed and
unobserved characteristics that affect the tramsiates between health and employment
states. As measure of the health shocks we hadeagsedents that caused admittance to
a hospital, hospital outpatient or casualty depantim\We have exploited the
unanticipated nature of these accidents to idettigycausal effect of such shocks on the
onset of a disability and subsequently the causadteof the onset of a disability on later

employment.

The empirical results show that accidents subsignincrease the probability of
the onset of a disability, but accidents have meatieffect on employment (if the health
status remains unchanged). Even though an acdidsrd large effect on the onset of a
disability, the fact that accidents are rare eveatsses that only about 12% of all
disabilities at age 40 can be explained from treigences of accidents. The causal
effect of the onset of a disability at age 25 ompkayment rates at age 40 is in the
complete population -0.144. When estimating separaidels for men and women and
high and low educated individuals, we found thatdhset of a disability has a much
larger causal impact on the employment rates of amehlow educated than their

counterparts.

Finally we have compared the causal effect obtieet of a disability on
employment to the association between disability employment. The latter is the gap
in employment between non-disabled and disable&evey which includes not only the
causal effect of disability on employment but alsterences in observed and
unobserved individual characteristics. Our analgdesv that within the complete sample
about two-third of the association between distdiand employment can be explained
from a causal effect of disability on employmertisipercentage is much lower for
women implying that for women observed and unobegheterogeneity is the primary
cause for the association between disability andl@gment. For males and lower
educated workers the larger part of the employrgaptcan be explained by the causal

effect of the disability on employment. This maypimnthat for these groups policies that
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aim directly at getting disabled workers back takvwean be effective.
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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
Workplace 0.0398 0.0072
Home 0.0127 0.0107
Sports 0.0338 0.0047
Other 0.0139 0.0072

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

Male
state in year t+1
state in year t work/ nonwork/ work/ nonwork/
disabled disabled nondisabled  Nondisabled
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
state in year t+1
state in year t work/ nonwork/ work/ nonwork/
disabled disabled nondisabled  Nondisabled
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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Table 3: Sample mean of theindividual 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 25.2925.5% 24.9%
Medium parental socioeconomic status at birth 46.7%6.0% 47.4%
Low parental socioeconomic status at birth 20.8920.9% 20.6%
Mother smoked after the fourth month of pregnancy 0.5% 30.0% 31.0%
Mother did not smoke after the fourth month of pracy 62.2% 62.4% 61.9%
Birth information missing 55% 58% 5.3%
Mother's age at birth (in years) 276 27.5 27.6
Low birth weigh (less than 2500 grams) 4.8% 4.1% 5.4%
Normal birth weight (more than 2500 grams) 89.7990.1% 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 12.0942.6% 11.5%
Math 5.2 5.3 5.1
Bristol Social Adjustment Guide 84 98 7.0
Number of observations 12375
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Table 4a: Parameter estimates of the logit model for accident probabilities

Parameter estimates

Intercept

Being employed

Being disabled

Female

Age (divided by 40)

(Age/40¥

(Age/40y

(Age/40¥f

O-level equivalent education
A-level equivalent education
Degree equivalent education
Childhood background variables
Low socioeconomic status at birth
Mother smoked at pregnancy

Birth information missing

Mother's age at birth (divided by 10)
Mother's age at birth squared (divided by 100)
Low birth weight

Born in London or South-East

Born in Scotland

Born in South or Wales

Born in North

Born in Midlands

Scores at age 7 missing

Math score (divided by 10)

Bristol Social Adjustment Guide (divided by 10)

Parameters of the mixing distribution
Probability 1:6,6,
Probability 2:(1-61)0,
Probability 3:6,(1-65)
Probability 4:(1-60,)(1-65)
Location mass point 1
Location mass point 2
Location mass point 3
Location mass point 4

0.987 (0.013)
0.342 (0.014)
0.048 (0.004)

-1.203 (0.010)
-2.547 (0.006)

-1.190 (0.007)

0.094 (0.007)

1.493 (0.008)
0.041 (0.009)
0.171 (0.011)

0.041 (0.011)

-0.035 (0.007)

0.076 (0.005)
-0.730 (0.009)

-0.290 (@PO

28.40.014)
-0.016 (0.004)

0.055 (0.005)
-0.103 (0.004)

0.007 (0.005)
0.043 (0.005)

0

0.066 (0.008)

0.156 (0.008)
081 (0.005)

0.129 (0.002)
0.423 (0.005)
0.105 (0.001)
0.344 (0.004)
0
-0.998 (0.010)
1.204 (0.013)
0.206 (0.019)

Standard errors in parentheses

See Table 4b for the number of observations angldhg of the log likelihood function
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Table4b: Multinomial logit with unobserved heter ogeneity 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) -6.1850Q5) -9.216 (0.021) -4.166 (0.014) -3.411 @) -4.023 (0.006) 2.241 (0.025)
Instantaneous effect accident -0.074 (0.004) 2.46003) 0.862 (0.004) 1.658 (0.00€) -0.q09010) 1.021 (0.005) 0.863 (0.004) 0.04938)
Permanent effect of accident -0.003 (0.010) 0.40906) 0.159 (0.004) 0.409 (0.005 -0.0890Q7) -0.322 (0.003) 0.116 (0.005} -0.172 Z0)0
Gender 0.922 (0.010) -0.359 (0.01Q) 0.3150@®).0 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 (0.03%) .128 (0.005) -0.212 (0.004) -2.595 (0.021)
(Age/40¥ -0.533 (0.005) -0.408 (0.004) 0.588 (0.005) 10a. (0.004) 0.039 (0.009) -0.113 (0.004) 0.302004) -1.295 (0.006)
(Age/40¥ -0.262 (0.004) -0.450 (0.004) 0.342 (0.003) 38a. (0.003) -1.630 (0.011) -0.055 (0.004) 0.32803) 0.507 (0.012)
(Age/40¥ 0.017 (0.004) -0.623 (0.004 0.219 (0.004) 676. (0.006) -2.429 (0.010) -0.035 (0.003) 0.583)05) 1.513 (0.009)
O-level equivalent education -0.265 (0.007) -0.66907) -0.691 (0.004) 0.666 (0.004 0.683010) 0.869 (0.007) -0.216 (0.00: -0.272 @@)0
A-level equivalent education -0.523 (0.005) -0.4@8009) -1.121 (0.018) -0.857 (0.018 -0.521013) -0.789 (0.011) -0.913 (0.013K 0.193 @)0
Degree equivalent education -0.460 (0.010) -0.0m904) -0.171 (0.003) 0.090 (0.004) 0.2910@@) 0.430 (0.013) 0.524 (0.011 0.774 ()01
Parental socioeconomic status at birth
Missing 0.450 (0.003) -0.080 (0.005 0.448005) 0.719 (0.011) 0.347 (0.013 -0.041 @B)0 -0.850 (0.007) -0.115 (0.010)
High -0.099 (0.003) -0.316 (0.004 -0.085 Qap -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 (@300 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) 0.00D04) 0.159 (0.004) 0.358 (0.003 0.122010) -0.315 (0.003) 0.184 (0.003] 0.006 @9)0
Birth info missing 0.551 (0.003) -0.069 (0.003) -0.514 (0.004) -0.559 (0.006 -0.571 (0.01¢) 08a. (0.003) 0.090 (0.007) 0.213 (0.009)
Mother’s age at birth (/10) 0.193 (0.009) 0.0@B009) -0.098 (0.008) 0.472 (0.007 -0.2520Qqa) -0.004 (0.005) -0.062 (0.003 0.007 (B)01
Mother’s age at Age (/10) squared -0.029 (0.007) 0.129 (0.009) 0.127 (0.007) -0.691 (0.01%) 10.40.006) 0.048 (0.003) 0.111 (0.004) 0.d8322)
Low birth weight -0.072 (0.005) -0.323 (0.004) .1%7 (0.003) -0.042 (0.004) -0.081 (0.007) 0.(00.003) -0.522 (0.004) -0.084 (0.007)
Region of residence at birth
London 0.054 (0.003) -0.012 (0.003} -0.1210@8) -0.336 (0.004) -0.006 (0.004 -0.471 (@00  0.138 (0.003) -0.024 (0.004)
Scotland 0.217 (0.003) -0.005 (0.004) 0.qa403) -0.275 (0.003) 0.236 (0.007] 0.6030@B) 0.167 (0.003) -0.076 (0.004)
South & Wales 0.165 (0.004) -0.094 (0.003) 170. (0.003) 0.117 (0.003) 0.030 (0.003) 0.364004) 0.070 (0.003) -0.030 (0.005)
North 0.374 (0.004) -0.101 (0.003 -0.056003) 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) -0.4410@).0 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 (0.004) .048 (0.004) -0.709 (0.006), -0.040 (0.009) 0.40.004) -0.653 (0.008) 0.088 (0.012)

Bristol social adjustment guide (/10)
Parameters of the mixing distribution
Location mass point 1
Location mass point 2
Location mass point 3
Location mass point 4

0.209 (@0 -0.185 (0.004)
0 0
-1.518 (0.009) 0.443 (0)02
-1.003 (0.006)  -0.073 (8)03
-2.521 (0.007) 0.370 (8)05

0.055 (0.004)

0
-0.691 (0.011)
-0.065 (0.005)
-0.755 (0.012)

0.180 (0.008) 0.140 (0.013)

-0.329 (0.004)

0

-0.533 (0.008)
-1.021 (0.008)
-1.554 (0.004)

0.101 (0.003)

0
-0.440 (0.010
0.007 (0.004
-0.433 (0.013

086. (0.009)

0
0.209 (0.096)
0.983 (0.033)
1.192 (0.088)

Number of observations
Value of the -log-likelihood

0 0
-1.104 (0.014) -1.365 (0.01})
-0.962 (0.009) -0.785 (0.01f)
-2.066 (0.022) -2.150 (0.01p)

12375
104848.05




Table5: Simulation experiments

Fraction Employment Disability rate Number of  Effaccident  Effect disability = Association disalyilit
rate age 40 age 40 accidents on disability on@myent and employment
Full population 1.00 0.862 0.124 1.58 172% -0.104)48) -0.229
Males 0.50 0.932 0.127 2.40 177% -0.226 (0.041) 230
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% -0.20848). -0.272
High educated 0.42 0.916 0.094 1.60 169% -0.08@78) -0.108

Note: The employment rate at age 40, the disabidity at age 40 and the number of accidents @u#il40) are based on simulating
the model. The effect of an accident on the onfetdisability reflects the effect of an accidenage 24 on the disability rate at the
25" birthday. The effect of a disability on employménthe causal effect of the onset of a disabilitpge 25 on the employment rate
at age 40 computed using the Wald estimator. Aadaisociation of disability and employment is basedimulating the model and
taking the difference in employment rate at agefose who were and were not disabled at ag¢hsi¢ thus non-causal).



Figure 1. Labor market states of males.
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Figure 3: Disability rates of males and females.
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Figure5: Disability and employment states.
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Figure6: Fit of the model.
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Appendix A: Definition of disability

We base our definition of disability on Curie anadifian (1999) as the mental and physical

characteristics that, either constrain normal dadlijvities, or cause a substantial reduction in

productivity on the job. The NCDS data containgtaoé question on health status. Individuals

are asked at ages 23, 33 and 42 whether they Hangstanding illness, disability or infirmity

which limits their activities compared to peopleitrown age. They are subsequently requested

to document whether it limits their daily activiier the work they can do, the age of the

disability onset and the type of disability. Didabitypes are coded according to the international
classification of disease (ICD-9) produced by therM/Health Organization (1977).

10.
11.

12.
13.

14.
15.
16.
17.

The ICD is extensively used in health studies amgtouped into 17 broad categories:
Infections and parasitic diseases (e.g. tuberaylskingles, herpes simplex, glandular
fever),

neoplasms (e.g. Hodgkin's disease, leukemia),

endocrine, nutritional and metabolic diseases amdinity disorders (e.g. obesity,
diabetes),

diseases of the blood and blood-forming organs émemia, coagulation defects),
mental disorders (e.g. depression, neurotic dissraeental retardation),

diseases of the nervous system and sense orggnsg#gepsy, migraine, blindness,
deafness),

diseases of the circulatory system (e.g. hypeidanpericarditis, aortic aneurysm),
diseases of the respiratory system (e.g. bronchgihma, pleurisy),

diseases of the digestive system (e.g. duodenad, @ppendicitis, cirrhosis of the liver),
diseases of the genitourinary system (e.g. reilatda cystitis, infertility),
complications of pregnancy, childbirth and the jpeeium (e.g. spontaneous abortion,
etopic pregnancy),

diseases of the skin and subcutaneous tissuee(z@ma, psoriasis),

diseases of the musculoskeletal system and comedigsue (e.g. rheumatoid arthritis,
derangement of joint)

congenital anomalies,

certain conditions originating in the Perinatalipey

symptoms, signs and ill-defined conditions,

Injury and poisoning (e.g. fractures, sprains,atigtions, traumatic amputation).
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