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Abstract

This paper examines the impact of disability onset on the probability of employment using an
underexplored longitudinal dataset for Britain. It contrasts estimates based on a control group
drawn from those not experiencing disability onset — a common approach in the literature —
with estimates based on a control group drawn from those who do experience disability onset,
but one year after the treatment group. Compared to the non-disabled control group, the control
group of later-onsetters is likely to be more similar to the treatment group in terms of
unobservables, with the resulting estimates therefore more plausibly interpreted as causal.
Using this control group we estimate that the probability of employment falls by 11 percentage
points in the year of disability onset. The equivalent estimate using the control group drawn
from those not experiencing onset is about fifty percent larger. The employment effects of
disability onset are also shown to be larger for those with lower qualification levels, consistent

with weaker attachment to the labour market.



1. Introduction

There is an extensive international literature examining the impact of disability on labour
market outcomes using cross-sectional data (e.g. Kidd, Sloane and Ferko, 2000; DeLeire,
2001). There is also a growing literature which exploits longitudinal data to examine the labour
market impact of disability onset (e.g. Charles, 2003; Jenkins and Rigg, 2004; Garcia-Gomez,
2011; Garcia-Gomez, van Kippersluis, O’Donnell and van Doorslaer, 2013; Polidano and Vu,
2015; Jones, Davies and Drinkwater, 2018; Meyer and Mok, 2019). An advantage of this
dynamic approach is that it can help to estimate associations which are closer to having a causal

interpretation.

This paper adopts a dynamic approach to estimate the employment effects of disability onset
in Britain. The focus on employment is motivated by the substantial impact of disability onset
found in the existing international literature (see, for example, Meyer and Mok, 2019). The
application to Britain reflects the persistence of the disability employment gap at a time of
record overall employment rates and despite previous government commitments to reduce it
(see Baumberg, Jones and Wass, 2015), recently renewed as part of the National Disability
Strategy announced in December 2019. In contrast to the existing literature, however, we
complement estimates based on comparing outcomes for those experiencing onset with those
not experiencing onset (the standard approach in the literature, e.g. see Jenkins and Rigg (2004)
and Polidano and Vu (2015)), with estimates comparing outcomes for those experiencing onset

with those who experience disability onset on average one year later.

Interpreting differences in employment outcomes between those who do and do not experience
disability onset as causal, even when conditioning on observable differences between
individuals, is complicated by potential biases due to simultaneity (employment may impact

on disability or willingness to report disability in surveys), unobserved time-invariant and



unobserved time-varying confounders. Augmenting regression or propensity score matching
methods with individual fixed effects (e.g. Jones et al., 2018), differencing (e.g. Polidano and
Vu, 2015) or exact matching on pre-onset outcomes (e.g. Garcia-Gomez, 2011) can reduce or
eliminate some of these biases (in particular eliminating biases due to time-invariant
unobserved confounders), but other biases, including those driven by remaining unobserved
time-varying confounders — anything unobserved that might simultaneously influence both
employment and disability — may remain. Such biases are likely to be smaller, although not
necessarily entirely absent, when comparing outcomes for those experiencing disability onset
at time t with those experiencing disability onset at time t+1, since they are likely to be more
similar in terms of both time-invariant and time-varying unobservables than is the case when

compared to those who do not experience disability onset at all.

In making this argument we build on a recent paper by Fadlon and Nielsen (2015). This earlier
paper uses Danish administrative data to show substantial pre-treatment divergence in labour
supply ahead of a spousal health shock — suggestive of time-varying confounders — when
compared to those not experiencing such a shock, but no such pre-treatment divergence when
comparing to those experiencing a similar shock one year later. Fadlon and Neilsen (2019)
apply a similar identification strategy, again using Danish administrative data, when examining
health spillovers within families. In contrast to these earlier papers, however, our focus is on
the employment effects of own disability onset rather than the health and employment impacts
of health shocks of family members. In a further contrast to these earlier papers, we use survey
data as opposed to administrative data here. We argue that the Fadlon and Neilsen approach
may have an additional benefit in this context because it can help to reduce biases that may be
more likely in survey data. In particular, given the subjective nature of our treatment (self-
reported disability onset), this approach may have implications for justification bias, a potential

source of simultaneity.



Like Fadlon and Nielsen (2015), in our application we show diverging prior trends when
comparing those experiencing disability onset with the non-disabled control group, suggesting
the presence of time-varying confounders and/or justification bias. There is no such divergence,
however, when comparing those experiencing disability onset to those experiencing later onset.
Using a propensity score matching (PSM) approach supplemented with exact matching on
base-year employment, we then show that the magnitude of employment effects of disability
onset are smaller using the alternative control group of later-onsetters compared to using the
standard non-disabled control group. This suggests large potential upward biases in the
estimates based on the non-disabled control group. Nevertheless, our estimate based on the
later-onset control group still shows a sizeable drop (of 11 percentage points on a base of a
75% employment rate) in employment in the year of disability onset, consistent with a causal

impact of disability on employment in Britain.

2. Data

We exploit the 25% rotational panel structure of the Local Labour Force Survey (LLFS),
included within the Annual Population Survey (APS) (Office for National Statistics, 2020),
where individuals are retained in the sample for up to four years. Analysis is restricted to
working-age respondents (16-64 for men, 16-59 for women) who provide information at four
consecutive waves between 2004 and 2012, creating a balanced panel with maximum sample
of 49,059 individuals from several overlapping cohorts (individuals enter the survey between
2004 and 2009). The questions used to identify disability changed in 2013 and preclude the
inclusion of more recent data. Since the LLFS was designed to boost the APS in parts of Britain

it is not fully geographically representative. Together with the balanced panel restriction, the



result is a slightly older sample that has higher rates of disability than the full APS sample (see

Jones et al., 2018).

Consistent with the dynamics of disability and labour market outcomes literature (e.g. Charles,
2003; Jones et al., 2018; Meyer and Mok, 2019), a work-limiting definition of disability is
adopted here. Disabled individuals respond positively to an initial long-term health (LTH)
question: “Do you have any health problems or disabilities that you expect will last for more
than a year?” and to either of the follow-up questions: “Does this health problem affect the
kind of paid work you might do? Does this health problem affect the amount of paid work you
might do?”. Individuals answering ‘no’ to the initial LTH question, or those answering ‘yes’
but ‘no’ to both the follow-up questions, are classed as non-disabled. The prevalence of

disability in the (pooled) sample is 17.5%.

The subjective nature of reported disability raises established concerns about potential
measurement error (which may bias estimated onset effects in an uncertain direction (see Van
Soest, Andreyeva, Kapteyn and Smith (2012)) and justification or rationalization bias (which
may inflate estimated onset effects, and might be reflected in diverging prior trends), although
Benitez-Silva et al. (2004) presents evidence that questions the economic significance of the
latter. Exact matching on base-year employment outcomes likely reduces the impact of any
such justification bias (see Garcia-Gomez, 2011), as does comparing a treatment group who
report disability onset to a control group who also report disability onset just one year later
(because the justification mechanism potentially exists for both the treatment and control
groups, acting in the same direction, rather than solely for the treatment group). The latter
argument suggests an additional potential benefit from the Fadlon and Neilsen identification
approach when using self-reported disability or subjective health measures from survey data in

this context.



In an effort to reduce other types of measurement error and to net out the most transitory periods
of disability we adopt a two-period measure of disability onset among the treatment group,
similar to Jenkins and Rigg (2004), i.e. the treatment group consists of those individuals who
have two periods of not reporting disability followed by two periods of reporting disability
(0011), about 1.2% of the total sample. However, since we only observe these individuals for
four waves we can say nothing about how disability onset fits into broader patterns of disability
or the permanency of onset. We then specify two alternative control groups. Following the
standard approach in the literature (e.g. Garcia-Gomez, 2011; Polidano and Vu, 2015), the first
control group is drawn from those continuously non-disabled (0000), i.e. those at risk of, but
who do not experience, onset, which form the majority (72.6%) of the total sample. In a break
with this tradition, but following the recent paper by Fadlon and Nielsen (2015), we draw an
alternative control group from those who experience disability onset one year later (i.e. 0001),
about 2.7% of the sample. Note that because we are limited to four observations per individual,
and because we need to retain two periods prior to reporting disability onset for the treatment
group to explore pre-onset trends, we cannot restrict the control group of later-onsetters to those
with two consecutive years of disability. If this control group experiences shorter or less severe
disability spells on average as a result then the magnitude of the estimated treatment effect may
retain some upwards bias. However, the extent of this is likely to be considerably less than

when using the standard control group.

Table 1 provides the sample sizes and proportions in (ILO) employment by wave and treatment
status. Note the large declines in employment at onset for both the treatment (onset between
wave 2 and wave 3) and alternative control (onset between wave 3 and wave 4) group,
compared to stable outcomes for the standard control group. But also note pre-onset

employment declines for both the treatment and alternative control groups. This pattern —



which could reflect justification bias, prior declining health, or other time-varying confounders

— is not unique to this particular application (e.g. Meyer and Mok, 2019).

<Table 1 around here>

3. Methods

Like Garcia-Gomez (2011) we use a PSM approach combined with exact matching to identify
disability onset effects separately from compositional differences between the treatment and
control groups, under a standard conditional independence assumption (CIA), i.e. that there are
no relevant unobserved differences between the treatment and control groups (see Rosenbaum
and Rubin, 1983). This is implemented in Stata using PSMATCH2 (Leuven and Sianesi, 2003)
where, the treatment and control groups are first matched exactly on year and wave 1
employment status and then matched by PSM on the probability of treatment (i.e. disability
onset). The PSM entails estimating a probit model for treatment regressed on an extensive set
of observable characteristics, measured in wave 1, which are set out in Table 2. Note that the
exact matching on wave 1 employment nets out relevant time-invariant unobservable
differences between the treatment and control groups, so that the relative merits of the standard
and alternative control groups here relate to the extent to which they ameliorate biases related

to unobserved time-varying heterogeneity and, in this particular context, justification bias.

<Table 2 around here>

For each individual experiencing onset the individual in the relevant control group with the
most similar probability of experiencing onset between waves 2 and 3 given their
characteristics, but who did not do so, is then identified (their ‘nearest neighbour’ (NN(1)).
Calculating how the treated individuals’ employment outcomes differ from their matched

partners’ outcomes, and averaging these differences over all treated individuals (within the



region of common support), yields our estimates of the impact of disability onset on those who
experience it, in the year of onset. The latter is a necessary restriction because the alternative
control group of later-onsetters are themselves treated — they experience disability onset —
between waves 3 and 4. On the other hand we are able to report estimated disability onset
impacts on employment in the following year when using the standard, non-disabled, control
group. Note, however, that existing evidence suggests that the majority (but not all) of the
impact of disability onset is evident in the period immediately post-onset (Mok, Meyer, Charles

and Achen, 2008; Meyer and Mok, 2019; Polidano and Vu, 2015).

The matching works well here, with very few off-support individuals in either case (more than
99% of the treatment group are in the region of common support in each case). If the CIA
holds, given the near-100% common support, our estimates are therefore interpretable as the
average treatment effect on the treated, or ATT. The critical question, of course, is whether the
CIA can plausibly be expected to hold here. Table 2 reports balancing tests for the treatment
group relative to each control group and confirms there are no significant differences in wave
1 observable characteristics between the matched treatment and either control group at the 95%
level, which is encouraging. (Note also that in support of our argument that the control group
of later-onsetters is likely to be more similar in terms of unobservables to the treatment group
than is the case for the standard non-disabled control group, there are few differences in
observables between the two former groups even prior to matching.) But what of time-varying

confounders and justification bias?

Disability onsets necessarily encompass both shock events (e.g. as a result of a traffic or
industrial accident) and gradual deteriorations in capacity that result in individuals crossing a
subjective threshold at which they begin to report themselves as disabled. In survey data
individuals may also start to report themselves as disabled to rationalize (or justify) non-

employment, perhaps but not necessarily coupled with benefit claiming. Consistent with the

9



literature, we focus on disability onset as the act of crossing the threshold, but are able to
explicitly exclude at least some of the impact of pre-onset deterioration in health. (There is, of
course, also merit in trying to establish the broader impact of disability onset, including any
prior deterioration in health, but this is subject to an arbitrary choice of a year from which the

decline in health forms part of disability onset.)

For shock disability onsets, where there is no pre-onset deterioration in health, the alternative
control group better accounts for other time-varying unobservables than the standard control,
as per the arguments of Fadlon and Nielsen (2015). Although not always explicit in the
literature, for disability onset arising from a gradual decline in health, the difference in post-
onset outcomes between the treatment group and the standard non-disabled control group may
include the effects of pre-onset deterioration in health. These are likely to be much more modest
when compared to the later-onset control group, some of whom will also experience a pre-
onset deterioration in health. As such, the alternative control group, in better adjusting for time-
varying unobservables, also nets out some of the influence of any prior deterioration in health.
Further, because the justification bias mechanism potentially drives some reported disability
onsets for both the treatment and alternative control groups, but not the standard control group,
any justification bias is likely to be reduced in the former case relative to the latter case. In
these respects the alternative control provides a more conservative measure of the impact of
disability onset and, therefore, estimates of the impact of disability onset from the standard and
alternative control are likely to provide a range of magnitudes reflecting their differing ability
to ameliorate justification bias and the influence of time varying unobservables, including prior

health.

In sensitivity analysis we repeat the estimation: using alternative matching algorithms (five
nearest neighbours, local linear regression, and kernel density); including wave 1 LTH in the

PSM; excluding selected cohorts of those experiencing disability onset to explore whether

10



estimates are sensitive to differential effects of the financial crisis; and replacing the work-
limiting definition of disability with an activity-limiting definition, which Oguzoglu (2012)
argues may be less susceptible to justification bias. Finally, in an extension to examine whether
disability onset effects are heterogeneous across different socio-demographic groups (likely
differing in their pre-existing attachment to the labour market, among other things) and for
different types of onset — in both cases with potential relevance for policy targeting —we repeat
the matching process (with a suitably modified set of observable characteristics) for
subsamples split dichotomously by gender (male/female), age (older/younger than 45), area
unemployment rate (above/below the median unemployment in the NUTS2 area), marital
status (married/non-married), qualification level (higher/lower than GCSE or equivalent A-C),
whether disability onset reflects a main health condition that is mental or physical, a single or
multiple health conditions, and whether the individual reported a LTH in wave 1. As in the

main analysis, common support exceeds 99% of the treatment group in each case.

4. Estimated Employment Effects of Disability Onset

The upper panel of Table 3 shows the difference in employment rates averaged over the
matched treatment and standard non-disabled control groups, for wave 2 (pre-onset), wave 3
(the year of onset) and wave 4 (the following year). The wave 3 estimate for the year of onset
is our first PSM estimate of the (short-run) effect of disability onset on employment for our
sample. It is very large, at -16 percentage points (on a base employment rate of 75%), and
highly statistically significant. There is also a large and statistically significant employment
gap of 6 percentage points in the year prior to onset, however, suggesting the presence of time-
varying confounders, potentially including but unlikely to be limited to unmeasured
deterioration in health, and/or justification bias. The result is that we cannot be sure how much
(if any) of the estimated 16 percentage point gap in employment in the year following onset is

a causal effect of onset, and how much reflects other differences between the treatment and

11



control groups. Further, because we do not know how much of the 6 percentage point decline
in employment in the year prior to onset is due to pre-onset deterioration in health, this problem
remains even if we are willing to interpret disability onset as including lead effects due to

deteriorations in health between waves 1 and 2, i.e. prior to reported onset.

<Table 3 around here>

In contrast, the lower panel of Table 3 shows a smaller, although still highly statistically
significant estimated disability effect on employment in the year of onset, at -11 percentage
points, when the treatment group is compared to the alternative control group drawn from later-
onsetters. In this case there is no evidence of a pre-onset employment gap in the year prior to
onset (the gap is only 2 percentage points and not statistically significant), consistent with our
conjecture that unobserved confounders and/or justification bias are less likely in this case than
in the standard control group case. Although we cannot rule out such factors after wave 2, the
resulting PSM estimate is more plausibly interpreted as approaching a causal estimate of

disability onset than is the case for the estimate using the non-disabled control group.

The final row of the upper panel of Table 3 shows an additional divergence in employment
outcomes between the treatment group and the non-disabled control group in the subsequent
year following onset. For the reasons discussed above we cannot be sure whether or to what
extent this further divergence captures a growing causal impact of disability onset as opposed
to confounders. Nevertheless the drop in employment rates is far greater in the year of disability

onset than in this second year, supporting our focus on the period immediately post-onset.

The key conclusions above are robust to the sensitivity analyses listed in Section 3 (full results
are available from the authors on request). Specifically, the three alternative matching
algorithms (five nearest neighbours, local linear regression, and kernel density) return estimates

of the wave 3 employment effect using the standard control of -14, -15, and -17 percentage
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points respectively (all with statistically significant diverging prior trends), compared to -11, -
11, and -10 percentage points respectively (none with statistically significant diverging prior
trends) using the alternative control. Matching using the nearest neighbour but including wave
1 LTH in the PSM returns an estimated wave 3 employment effect of -16 percentage points
(with marginally significant diverging prior trend) using the standard control group and 11
percentage points (with no significant diverging prior trend) using the alternative control group.
Excluding cohorts from the treatment group who experience disability onset during 2008 and
2009 (corresponding to the recession induced by the financial crisis) or those experiencing
disability onset after 2007 returns estimated employment effects of -10 percentage points and
-16 percentage points respectively using the standard control group (although in both cases
diverging prior trends are smaller in magnitude and no longer statistically significant)
compared to -8 percentage points and -10 percentage points respectively (with no diverging
prior trends) using the alternative control group. Estimated employment effects using the
alternative (activity-limiting) definition of disability are smaller in magnitude (-8 percentage
points with significant diverging prior trend using the standard control group, -3 percentage
points with no diverging prior trend using the alternative control group), as we might expect

given a broader measure of disability.

Finally, consider Table 4 which presents key PSM estimates (for conciseness just the difference
between the treatment and relevant control group in wave 3, the year of onset) from splitting
the sample by broad socio-demographic group and by the nature of the disability onset. Since
the sample sizes are necessarily smaller, we are pushing at the limits of the data here in terms
of statistical power, so in most cases our conclusions are tentative. But there is evidence of a
difference in the employment effects of disability onset by qualification level; those with higher
levels of qualifications experience a much smaller drop in employment compared to those

without (-8 percentage points compared to -22 percentage points using the standard control

13



group, -6 percentage points (not statistically significant) compared to -16 percentage points
using the alternative control group). This is suggestive of larger disability onset effects for a
group who may already have a weaker attachment to the labour market and who potentially
face higher disability benefit replacement rates, and is also consistent with existing estimates

in the literature (e.g. Polidano and Vu, 2015).

There are other comparisons where there appear to be differences in onset effects but where
estimates are too imprecise to be confident, notably the difference in employment effects
between disability onsets corresponding to single conditions and those corresponding to
multiple conditions (a proxy for severity), and also by gender (larger for men), marital status
(larger for non-married), and by LTH in wave 1 (larger for those not reporting a LTH condition
in wave 1, which may be proxying for more sudden onsets). There are only small or unclear
differences by age, area unemployment rate, and whether the disability onset reflects a main
health condition that is mental or physical (albeit the sample for mental health is particularly
small). Confirming the findings above, in all cases the estimated employment effect of
disability onset is smaller when using the alternative control group than when using the

standard control group.

<Table 4 around here>

5. Conclusions

This paper proposes an alternative control group (later disability onsetters) to the non-disabled
control group commonly used in the dynamics of disability literature. In doing so we build on
earlier papers by Fadlon and Nielsen (Fadlon and Nielsen, 2015; Fadlon and Nielsen, 2019)
who use a similar approach to model the impacts of health shocks of family members, although
we diverge from these earlier papers in using survey rather than administrative data, and in the

nature and subjectivity of our treatment (self-reported disability onset). The alternative control
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group is likely to be more similar to the treatment group in terms of unobservables than is the
case for the standard non-disabled control group, and is also likely to be less susceptible to
justification bias in this context, potentially mitigating biases that would otherwise inflate the
estimated causal effect of disability onset on employment. An application to British
longitudinal data suggests this is indeed the case, with an estimated employment effect of
disability onset — an 11 percentage point decline in employment in the onset year — that is

smaller than the equivalent estimate (a 16 percentage point decline) using the standard control

group.

The clear methodological implication of this paper is that there a case for adding this kind of
control group to the toolkit of the applied researcher in the context of estimated disability onset
effects, and perhaps also more generally in estimating treatment effects with longitudinal data
in a health economics context. The advantages of this approach may be particularly pertinent
when using measures of health that are potentially susceptible to reporting biases. We make
this argument in the context of justification bias in reported disability here, but further research
could explore this more generally, for example by exploiting the availability of a wider set of

self-reported health outcomes in other surveys.

The economic implication of the paper is that, in line with the existing literature, disability
onset has a substantial impact on employment in the short-run, even when considering the
conservative estimates presented here. Nevertheless, in contrast to popular perception, most

people experiencing disability onset in Britain are still in employment one year later.

If Britain is ever to seriously and sustainably narrow the disability employment gap — as is the
government’s continued aim according to the recently announced National Disability Strategy
— then, among other things, it is likely to require further intervention to reduce this short-run

employment effect of disability onset, particularly given how difficult it appears to be to get
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people with disability back into work once they have been out of the labour market, and perhaps
in receipt of disability benefits, for an extended period of time (e.g. see Burkhauser, Daly,
McVicar and Wilkins, 2014). The magnitude of the short-run employment effect of disability
onset — which we show here to be sensitive to control group adopted in the modelling — is
therefore likely to be an important parameter in terms of evaluating the effectiveness of
interventions going forward, making the quality of such estimates particularly important.
Further, there are (tentative) implications here in terms of how some such interventions might
be targeted, including for example by qualification level. One possible way of implementing
this could be additional support offered to help low wage workers retain employment in the
event of disability onset. Further research, for example exploiting the larger sample size and
longer time frame potentially available in Understanding Society, could subject these

conclusions, and their policy implications, to further scrutiny.
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Table 1: Proportions in employment by wave and treatment status

Wave
1 2 3 4 N
(no. individuals)
Treatment (0011) 0.747 0.725 0.628 0.583 578
Standard Control (0000) 0.848 0.856 0.858 0.853 34,889
Alternative Control (0001) 0.786 0.782 0.758 0.708 1,295

Note: Balanced panel LLFS. The sample is constrained to be the same as that in Tables 2 and 3.
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Table 2: Descriptive statistics for matching variables by treatment and control groups

Treatment Standard Control Standard Alternative  Alternative
(0011) (0000) (pre- Control Control Control
matching) (0000) (0001) (pre- (0001)
(post- matching) (post-
matching) matching)
Age 44,965 41.564*** 44.609 45.249 44,912
Male 0.505 0.496 0.486 0.501 0.505
Marital status
Single 0.254 0.258 0.268 0.225 0.261
Married 0.593 0.634** 0.592 0.622 0.583
Divorced/separate/widowed 0.152 0.109*** 0.140 0.153 0.156
Highest qualification
Degree 0.151 0.229%** 0.142 0.156 0.145
Other higher education 0.090 0.116* 0.116 0.110 0.071
A level 0.232 0.234 0.225 0.217 0.249
O level 0.235 0.225 0.225 0.221 0.220
Other 0.113 0.088** 0.119 0.121 0.102
None 0.180 0.108*** 0.168 0.175 0.213
Dependent child 0.332 0.460*** 0.343 0.351 0.363
Full-time student 0.054 0.056 0.055 0.042 0.057
Region
Tyne and Wear 0.024 0.031 0.040 0.031 0.033
Rest of the North East 0.055 0.046 0.061 0.045 0.048
Greater Manchester 0.074 0.067 0.083 0.083 0.064
Merseyside 0.043 0.033 0.054 0.026* 0.038
Rest of the North West 0.036 0.033 0.035 0.044 0.038
South Yorkshire A 0.018 0.020 0.015 0.017
West Yorkshire 0.021 0.013 0.010 0.012 0.022
Rest of Yorkshire and 0.023 0.033 0.012 0.026 0.028
Humberside
East Midlands i 0.019 0.010 0.018 0.014
West Midlands Metropolitan 0.043 0.038 0.048 0.041 0.047
Country
Rest of the West Midlands 0.028 0.030 0.017 0.027 0.024
East of England 0.033 0.031 0.043 0.028 0.026
Inner London 0.019 0.020 0.029 0.022 0.016
Outer London 0.040 0.027 0.028 0.032 0.050
South East 0.085 0.085 0.059 0.080 0.081
South West 0.057 0.067 0.066 0.064 0.050
Wales 0.197 0.171* 0.209 0.186 0.201
Strathclyde 0.090 0.102 0.085 0.090 0.097
Rest of Scotland 0.099 0.137*** 0.090 0.131** 0.105
Housing tenure
Owned outright 0.251 0.207*** 0.225 0.246 0.253
Mortgaged 0.505 0.659*** 0.505 0.545* 0.516
Rented 0.244 0.135%** 0.270 0.209* 0.249
Area unemployment rate 0.065 0.063*** 0.066 0.064 0.065
Year
2004 0.183 0.205 0.183 0.168 0.183
2005 0.190 0.197 0.190 0.167 0.190
2006 0.154 0.169 0.154 0.166 0.154
2007 0.149 0.160 0.148 0.197*= 0.149
2008 0.173 0.137** 0.173 0.156 0.172
2009 0.151 0.132 0.150 0.146 0.150
Employment 0.747 0.848*** 0.747 0.786* 0.747
N (no. individuals) 578 34,889 - 1,295 -

Notes: Balanced panel LLFS. All characteristics are measured at wave 1. Figures for age and area unemployment
reflect averages. The remaining figures reflect proportions within the relevant group. Estimates are based on
NN(1) PSM with replacement. *** ** * denote significance at the 99%, 95% and 90% level respectively. b
indicates cells based on less than 10 positive observations, suppressed for reasons of disclosure control.
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Table 3: PSM estimates of disability onset employment effects

Standard Control Treatment Control (0000) Difference T-stat
Wave 1 (onset-2) 0.747 0.747 0.000 -
Wave 2 (onset-1) 0.725 0.784 -0.059 -3.26***
Wave 3 (onset year) 0.628 0.786 -0.157 -7.54%**
Wave 4 (onset+1) 0.583 0.786 -0.202 -8.72***
Alternative Control Treatment Control (0001) Difference T-stat
Wave 1 (onset-2) 0.747 0.747 0.000 -
Wave 2 (onset-1) 0.725 0.747 -0.022 -1.15
Wave 3 (onset year) 0.628 0.739 -0.111 -4.48***

Notes: Balanced panel LLFS. Estimates are based on NN(1) PSM with replacement. *** ** * denote significance
at the 99%, 95% and 90% level respectively. Standard errors are calculated following Abadie and Imbens (2006).
Timings (relative to the onset year) relate to the treatment group. The treatment group sample used in the analysis
(N=578 individuals) is those on common support in both cases and includes more than 99% of treated individuals.
Estimates for wave 4 are not presented for the alternative treatment group given they have experienced disability
onset by this point.
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Table 4: Heterogeneity in the PSM estimates of disability onset on employment,
standard and alternative control groups

Onset (wave 3) employment effect

Standard Control

Alternative Control

Male

Female

Older (aged 45 or above)

Younger (below age 45)

Area above median unemployment

Area below median unemployment

Married

Not married

Low qualification (GSCE equivalent or below)
High qualification (above GCSE or equivalent)
Mental health condition

Physical health condition

Single health condition

Multiple health conditions

Long-term health problem

No long-term health problem

-0.157
-0.119
-0.160
-0.153
-0.174
-0.137
-0.122
-0.179
-0.220**
-0.077
-0.266
-0.135
-0.104
-0.163
-0.130
-0.168

-0.109
-0.077
-0.120
-0.107
-0.124
-0.115
-0.065
-0.110
-0.161**
-0.059
-0.148
-0.120
-0.048
-0.148
-0.073
-0.123

Notes: Balanced panel LLFS. Personal characteristics (and long-term health) are measured in wave 1 and
disability related characteristics are measured at onset. Estimates are based on NN(1) PSM with replacement and
refer to the difference in employment between the treatment and control in wave 3. Bold denotes significance at
the 95% level and ** denotes a significant difference from the relevant comparator group at the 95% level.
Standard errors are calculated following Abadie and Imbens (2006). Estimates are based on the region of common
support, which covers more than 99% of the treatment group in each case. The samples for the treatment group
are necessarily smaller than in Table 3. The minimum treatment sample is for mental health (N=64).
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