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Abstract
The trend of declining labour force participation by older working-age men, combined
with an ageing population, has led many industrialised nations to develop policies
encouraging older male workers to remain in the labour force. A better understanding of
how an individual’s health influences the labour force participation decision among this
group of workers would facilitate the development of effective policies. The current
research uses the Household, Income and Labour Dynamics in Australia (HILDA) survey
to investigate the issue. The longitudinal nature of the three-wave HILDA data, which are
currently available, allows for a better control for unobserved heterogeneity than was
possible with earlier data. Therefore, more efficient estimates of the direct health effects
on labour force participation can be obtained than in a cross-sectional analysis.
Unobserved factors are likely to affect both health and labour force status, therefore we
estimate a model that takes the correlation between the two error terms in the health and
labour force status equations into account. The results show that controlling for
unobserved heterogeneity and the correlation between the two equations is important.
That is, the estimated variances of the unobserved heterogeneity terms are significantly
different from zero in both equations and the two error terms are correlated. Any
restriction on the correlation between the two equations appears to lead to
underestimation of the direct health effects.

1. Introduction
The trend of declining labour force participation by older working-age men combined
with an ageing population has led many industrialised nations to develop policies
encouraging older male workers to remain in the labour force. A better understanding of
how an individual’s health influences the labour supply decision among this group of
workers would facilitate the development of effective policies and results in a better
estimate of the costs of health limitations to the economy (Chirikos, 1993; and Haveman
et al., 1992).
The effect of health on labour market activities of older male workers has been under
extensive examination in the US and other industrialized countries (Chirikos (1993);
Currie and Madrian (1999)). However, research on this issue in Australia is limited. Only
two papers have examined the relationship between health and labour force status using
Australian data. Wilkins (2004) examines the impact of disability on employment status
using the 1998 Survey of Disability, Ageing and Carers (SDAC), a cross-sectional survey
collected by the Australian Bureau of Statistics (ABS). The disability status in SDAC is
derived from a combination of long-term health conditions and specific activity
restrictions, and thus is a relatively narrow measure of health. Cai and Kalb (2004) use
the first wave of the Household, Income and Labour Dynamics in Australia (HILDA)
Survey to explore the relationship between health and labour force participation by
employing a simultaneous equation model approach controlling for the potential
endogeneity of health. However, the longitudinal nature of the data was not exploited by
the study because only the first wave of the data was available when the study was
conducted.
The current study contributes to the literature on this issue by using the longitudinal
nature of the HILDA survey data. The three-wave HILDA data currently available allow
a better control for unobserved heterogeneity, decomposing it into a time-variant and a
time-invariant component. Therefore, more efficient estimates for the health effects on
labour force status can be provided using these data than a cross-sectional analysis could.
Since it is highly likely that unobserved factors affect both health and labour force status,
we estimate a model that takes into account the correlation between the two error terms in
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the health and labour force participation equations. This controls for the potential
endogeneity of the health variable resulting from unobserved heterogeneity. The results
show that controlling for the unobserved heterogeneity and the correlation between the
two equations is important. That is, the estimated variances of the unobserved
heterogeneity terms are significantly different from zero in both equations and the two
error terms are found to be correlated. It is also found that treating health as an exogenous
variable leads to underestimation of its direct effect on labour force participation.
The paper is arranged as follows. Section 2 provides some theoretical background on the
relationship between health and labour supply. The econometric model and estimation
strategies are described in Section 3. Section 4 discusses the data and variables, followed
by the estimation results in Section 5. Finally Section 6 concludes the paper.

2. Conceptual framework
There are many reasons why health may be an important factor in an individual’s
decision on labour supply. First, health is a determinant of productivity because an
individual’s capacity to fulfil a job’s requirements is closely related to the person’s health.
Health is therefore often regarded as a form of human capital that is valued by both
employers and employees (Becker, 1964; Grossman, 1972). As such, individuals with
better health can command higher wages, which, other things equal, increases a person’s
labour force participation probability. Second, health may influence individuals’ labour
supply indirectly through shifting preferences between income and leisure. For example,
poor health may lead individuals to value leisure time more, perhaps because the time
needed to care for one’s health increases with ill health or because the burden of work
may increase with poor health. On the other hand, poor health may cause people to
require more income due to costs associated with poor health. Third, because life
expectancy is determined by health, changes in health may change the time horizon over
which labour supply decisions are made. For example, poor health may make early
withdrawal from the labour market more attractive (Chirikos, 1993).
Although health is predetermined partly as an endowment at birth, health is not
exogenous over one’s lifetime. Like other forms of human capital, people can make
investments into health to make improvements or reduce the depreciation of the stock of
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health. 1 Because this investment requires resources, such as time for recreation or
exercise and income for health care, health is endogenous in the sense that people have to
make choices in the production of health. As such, people’s health may also be affected
by labour supply, especially a person’s labour supply history, because past labour supply
may determine the availability of resources that can be utilised to invest into health.
There are also arguments that people’s current health may be affected by current labour
market activities. For example, boredom or general lack of activity in non-participation
may lead to a deterioration of health (Stern, 1989; Sickles and Taubman, 1986). However,
given the way in which the health stock evolves, it is unlikely that current labour market
activity plays a significant role in current health status, although it may affect future
health directly and indirectly.
The relationship between health and labour supply can be formalised in an economic
model that is based on the assumption that individuals maximise an intertemporal utility
function.2 In such a model, health together with labour supply and consumption of other
goods enter the utility function as endogenous choice variables. In principle, it is possible
to derive demand functions for health, for leisure and for other consumption goods from
this economic model. In particular, the model can be solved to yield a conditional labour
supply function in which labour supply depends on the endogenous health variable and a
set of other exogenous variables (Currie and Madrian, 1999). In this paper, we do not
formally derive this model but simply specify the variables entering the labour force
equation following the literature on labour supply.

3. Statistical model and estimation strategy
Based on the framework described in Section 2, an econometric model is derived for
estimation. We adopt a recursive system where current health affects current labour force
status but where there are no feedback effects from current labour force status to current
health. We adopt such a model for the following reasons. First, as argued above, although
the health stock can be endogenously augmented by investment and can therefore be
1

Unlike education, however, health as a form of human capital is subject to adverse shocks, such as the
occurrence of illness or an accident, which may reduce health stock dramatically. Health investments can
be used to improve health or to prevent adverse health shocks.
2
An early version of this model is proposed by Grossman (1972). A more recent description of the model
is given by Currie and Madrian (1999).
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affected by employment status, the change of health stock resulting from investments is
expected to be so slow that it is unlikely that current employment will have much effect
on current health. Workplace conditions may have a direct effect on health, but again the
impact is likely to take time to become apparent. Second, to the extent that individuals
make economic decisions rationally, labour force status should not directly modify the
unobservable health stock (Sickles and Taubman, 1986). In fact, there has been no
convincing supportive evidence showing that current labour force status has a significant
effect on current health (Sickles and Taubman, 1986), especially for older male workers
(Cai and Kalb, 2004). However, employment and unemployment histories are included in
the model and are allowed to influence both current labour force status and current health.
In addition, there is an important practical reason for the recursive modelling strategy. A
full simultaneous equation model that also allows for the feedback effect would require
exclusion restrictions to be imposed on each equation for the model to be identified. That
is, each equation must include some exogenous variables that are excluded from the other
equation and these variables should have a significant effect in the equation in which they
are uniquely included. While there are obvious candidates for variables to be included in
the health equation and excluded from the labour force status equation, this is not the case
for the labour force status equation. In the model estimation, we have some variables in
the labour force status equation that are not included in the health equation. However,
these variables are not significant for older men and cannot be used as valid instruments
for model identification. Furthermore, for logical consistency in simultaneous equation
models with discrete dependent variables, at most one observed endogenous variable is
allowed on the right-hand side in a two-equation system (Maddala, 1983).
Finally, it should be emphasised that the focus of our paper (as well as in the literature) is
on the labour force status equation. The health equation mainly serves to control for the
endogeneity of the health variable resulting from unobserved heterogeneity. The system
of equations is as follows:
(1)

lit* = f (hit ) + xL ,it β L + ε L ,it

(2)

hit* = xh ,it β h + ε h ,it

( i = 1,..., N ; t = 1,..., T ) .
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where equation (1) is for labour force status and equation (2) for health determination; lit*
and hit* are the latent dependent variables, representing the value of being in the labour
force and health stock; lit and hit are their observed counterparts; xh , it and xL , it are the two
sets of exogenous or predetermined variables; β h and β L are the structural coefficients
corresponding to xh , it and xL , it respectively; f (hit ) is a function representing the effect of
observed health on labour force status; and ε h ,it and ε L , it are the structural disturbances.
The longitudinal nature of the data set is exploited by using a conventional error
components specification for the two disturbances. Specifically, we decompose each of
the two disturbances into two parts – a time-invariant component, µ j , i , and a time-variant
component, ν j , it :
(3)

ε j ,it = µ j , i + ν j , it

(j = h , L ) .

Although µ j , i can be estimated either as a fixed or as a random effect in a general
framework of panel data models, the discrete nature of the observed dependent variables
in our data necessitates the assumption of a random effect for the time-invariant
components (see Hsiao (2003) for a detailed discussion of this issue). Clearly, the timeinvariant component introduces a correlation among the disturbances for different time
periods of the same equation:

(4)

⎧δ j ( µ ) + δ j (ν )
⎪
cov(ε j , is , ε j , lt ) = ⎨ δ j ( µ )
⎪
0
⎩

for i = l , s = t
for i = l , s ≠ t ,

for j = h, L;

for i ≠ l

where δj(µ) is the variance of the time-invariant component and δj(ν) is the variance of the
time-variant component.
In addition, with regard to the correlation across the two equations, this may occur
through different scenarios, each leading to a different variance-covariance structure for
the disturbance terms. First, if the correlation only comes from the time-invariant
component,

that

is,

cov(ν h ,is ,ν L ,it ) = δ hL (ν ) = 0
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for

all

s

and

t,

and

cov( µ h , i , µ L , i ) = δ hL ( µ ) ≠ 0 , the two equations are correlated both for the same time period

and across different time periods,
(5)

cov(ε h , is , ε L , it ) = δ hL ( µ ) , for all s and t.

A second scenario is for the correlation to come from the same period time-variant

≠ 0 for s = t
⎧δ
, and cov( µ h , i , µ L , i ) = 0 . In
component only, that is, cov(ν h ,is ,ν L ,it ) = ⎨ hL (ν )
for s ≠ t
⎩ 0
this case, the two equations are only correlated in the same time period and not correlated
across time periods,
(6)

for s = t
⎧δ
cov(ε h ,is , ε L ,it ) = ⎨ hL (ν )
.
⎩ 0 for s ≠ t

In the third alternative, the correlation comes from both components, that is

⎧δ hL (ν ) ≠ 0 for s = t
.
cov( µ h , i , µ L , i ) = δ hL ( µ ) ≠ 0 and cov(ν h ,is ,ν L ,it ) = ⎨
for s ≠ t
⎩ 0
Then,

(7)

⎧δ hL ( µ ) + δ hL (ν )
cov(ε h ,is , ε L ,it ) = ⎨
⎩ δ hL ( µ )

for s = t
for s ≠ t .

Combining (4) with one of (5), (6) or (7) defines the variance-covariance matrix of the
disturbance terms3. We further assume that the two components of each disturbance are
independently normally distributed, which means that the two disturbances are jointly
normally distributed. In the model, δ j (ν ) with j = h, L needs to be normalised to one for
the model to be identified. Consequently, the covariance δ hL (ν ) is equal to the correlation
coefficient between the two time-variant error components.
The statistical model is similar to that specified by Sickles and Taubman (1986).
However, Sickles and Taubman estimated the model based on the assumption that the
3

In principle, it is possible to allow the time-variant component to be correlated across different time
periods of the same equation. For example, it could follow a first order autoregressive process. However,
because we have only three wave data currently, not much gain is expected from this at the moment. It will
be left for future research when more waves become available.
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correlation across the two equations is due to the same period time-variant component
only; that is, the variance-covariance of the disturbance terms is defined by (4) and (6).
The formula in (6) is based on the assumption that both health and labour force status are
affected by shocks occurring in the same time period and the impact of the shocks would
not last for more than one period. The assumption required in (5) may be more plausible
than the one in (6) because the former implies that there may be some permanent
unobservable personal attributes or preferences that affect both health and labour force
status. Equation (7) takes both possibilities into account, leaving all options open, and
thus is less restrictive. In our main specification of the model we use the variancecovariance structure resulting from (4) and (7), which is more general than that in Sickles
and Taubman (1986).
The unobserved dependent variables underlying the model need to be linked to their
observed discrete counterparts. In our data, five ordered health levels are available.
Although unemployment can be identified from the data, we only distinguish two labour
force states in the paper, participation and non-participation, with labour force
participation including unemployment, because the proportion of unemployed is very
small (only about 3 percent) in the sample.4 The corresponding observed values of the
dependent variables are:

(8)

⎧4
(= excellent )
⎪
⎪⎪3 (= very good )
h = ⎨2
(= good )
⎪1
(= fair )
⎪
(= poor )
⎪⎩0

(9)

(= in the labour force)
if B0 < l * < B1 = +∞
⎧ 1
l=⎨
.
*
⎩ 0 (= not in the labour force) if −∞ = B−1 < l ≤ B0

if
if

A3 < h* < A4 = +∞
A2 < h* ≤ A3

if
A1 < h* ≤ A2
if
A0 < h* ≤ A1
if −∞ = A−1 < h* ≤ A0

Equations (1), (2), (8) and (9) constitute a system of equations. In addition, we specify
4

An alternative division of labour force status is employed versus not employed. We prefer participation
versus non-participation because whether an individual participates or not is a personal choice (that is, a
labour supply decision), while whether a persons is employed or not also depends on labour demand. In
other words, by using participation versus non-participation, we focus on individuals’ labour supply
decisions. However, we found that the results using the alternative division of employed versus not
employed are in all respects very similar to the results in this paper.
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(10)

f (h) = α1 × excellent + α 2 × very _ good + α 3 × good + α 4 × fair.

The parameters to be estimated are the coefficients β h and β L in equations (1) and (2),

α1 to α 4 in equation (10); the cut-off points in equations (8) and (9), A0 to A3 , and B0 5;
and the parameters in the variance-covariance matrix of the disturbance terms.
In principle, the parameters can be estimated using the maximum likelihood estimator
(MLE)

by

assuming

a

joint

density f (ε h , i1 ,..., ε h , iT ; ε l , i1 ,..., ε l ,iT ). However,

a

computational issue arises when T ≥ 2 and an evaluation of at least a four-dimensional
integral is required. In our case, with three wave data, an evaluation of six-dimensional
integrals for observing each specific configuration of health-labour force state for the
same individual over the three time periods would be required if traditional MLE were to
be used. This renders such estimation infeasible. 6

However, recently developed

simulation-based estimation techniques provide a feasible approach to overcome this
problem (Stern, 1997; Lerman and Manski, 1981).
Simulation-based estimation procedures replace functions (usually definite integrals),
which are computationally intractable when using numerical or analytical methods, with
random approximations for these functions. There are generally two approaches to
simulation-based estimators: direct simulation of the likelihood function or indirect
likelihood simulation by using an expression for the score of the likelihood (Hyslop,
1999). In this paper we use the former approach, known as maximum simulated
likelihood (MSL). 7 Following Hyslop (1999), let the log-likelihood function for the
unknown parameter vector θ , given the random sample of observations ( xi , i = 1,..., N ),
be
(11)

N

LN (θ ) = ∑ ln( L(θ ; xi )) .
i =1

5

B0 is normalised to zero after including a constant term in the labour force participation equation.
See Hajivassiliou and Ruud (1994a, p. 2399-2400) for an example of this.
7
See Hyslop (1999) and Stern (1997) for a discussion on advantages and disadvantages of different
simulation estimators.
6
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Let {ξi } = {ξi1 ,..., ξiR } be a sequence of primitive simulators, independent of the
parameters of the model and the data.8 These are used in the following way:
(12)

R

L (θ ; xi ,ξi ) = (1/ R )∑ L (θ ; xi , ξ ri ),
r =1

where L (θ ; xi , ξ ir ) is an unbiased simulator for L(θ ; xi ) and R is the number of simulation
replications. The maximum simulated likelihood estimator for θ is defined as:
(13)

N

θˆMSL = arg max ∑ ln( L (θ ; xi , ξi ).
θ

i =1

MSL estimation requires obtaining an unbiased simulator for the likelihood function. The
simulator used here is the smooth recursive conditional (SRC) simulator, or GewekeHajivassiliou-Keane (GHK) simulator. This simulator is continuous in the parameters,
strictly bounded by zero and one, unbiased and consistent in the number of replications
R.9 Although the GHK simulator is unbiased for the likelihood function, the resulting log
(simulated) likelihood function will be biased with a finite number of replications due to
the nonlinear logarithmic transformation. Therefore, the MSL estimator obtained will be
inconsistent for finite R. However, MSL is consistent if the number of replications
R → ∞ as the sample size N → ∞ , and is asymptotically efficient if R / N → ∞

(Hajivassiliou and Ruud, 1994).
In addition, we use antithetic acceleration in simulating the random draws. These
simulators use the original set of uniform random draws along with their reflections or
mirror images to estimate the likelihood function.10 Antithetic acceleration is a powerful
variance reduction method (Geweke, 1988). Hajivassiliou (2000) presents Monte-Carlo
evidence suggesting that the antithetically accelerated simulator for multivariate normal

8

The asymptotic theory developed for the simulation-based estimators requires that the same fixed values
of the primitive random draws be used at each iteration of the estimation.
9
For a detailed discussion of the GHK simulator and its properties, see Hajivassiliou (1993), Börsch-Supan
and Hajivassiliou (1993), Keane (1993, 1994) or Stern (1997).
10
If z is a draw from the uniform distribution, zr = 1 – z is its reflection or mirror image.
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rectangle probabilities is superior to the standard GHK simulator. In this paper 500
replications (that is, 250 random draws) are used in simulating the likelihood function. 11

4. Data and variables
The data used for this paper come from the first three waves of the Household, Income
and Labour Dynamics in Australia (HILDA) Survey. Details of this survey are
documented in Watson and Wooden (2002). In the first wave, 7683 households
representing 66 percent of all in-scope households were interviewed, generating a sample
of 15,127 persons who were 15 years or older and eligible for interviews, of whom
13,969 were successfully interviewed. Subsequent interviews for later waves were
conducted one year apart. In addition to the data collected through personal interviews,
each person completing a personal interview was also given a self-completion
questionnaire to be returned on completion by mail or handed back to the interviewer at a
subsequent visit to the household. Attrition is a common problem with longitudinal
survey data. The HILDA attrition rates for waves 2 and 3 were 13.2 percent and 9.6
percent respectively, which is not much higher than other longitudinal surveys. For the
group of people studied in this paper, the attrition rates were lower than average
(Melbourne Institute of Applied Economic and Social Research, 2005).
The HILDA survey contains detailed information on each individual’s labour market
activities and history. Information relating to individual health was collected in both the
personal interviews and self-completion questionnaires. In the personal interviews,
individuals were asked whether they had a long-term condition, impairment or disability
that restricted everyday activities and had lasted or was likely to last for six months or
more. Specific examples of these long-term conditions were shown on a card, examples
of which are, limited use of fingers or arms, or problems with eyesight that could not be
corrected with glasses or contact lenses. For those who had a long-term condition,
impairment or disability, three follow-up questions were asked: whether the condition or
disability limited the type of work or the amount of work; how much the condition or
disability limited work; and whether the condition or disability first developed in the last
11

Relative to the sample size of 788 individuals, 500 replications is large. Initially, 300 replications were
tried. Comparing the estimation results from 300 and 500 replications, there are some changes in the fourth
digit after the decimal point for the estimated coefficients, but very few changes in the third digit.
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12 months.
In the self-completion questionnaire, the Short Form 36 health status questions (SF-36)
were asked. The SF-36 is a measure of general health and wellbeing, and produces scores
for eight dimensions of health (Ware et al. 2000). The first question in the SF-36 is the
standard self-assessed health status question, with five levels scaled from poor to
excellent. This self-assessed health status is used as the discrete observed counterpart of
the latent health stock in the model.
There is a concern in the literature regarding the use of subjective health measures in
estimating the effects of health on labour supply12; that is, self-assessed health may be
used to justify an individual’s labour force status. For example, those not in the labour
force may report poor health to justify their non-participation or the receipt of disabilityrelated benefits. The consequence of justification is that when using self-assessed health
to estimate the effect of health on labour force status, the impacts could be
overestimated.13
However, the evidence on the justification hypothesis in the literature is not conclusive.
Studies that use objective health measures such as subsequent mortality tend to find a
smaller effect than that estimated from using subjective health measures (Parsons, 1982;
Anderson and Burkhauser, 1984, 1985), suggesting that the justification hypothesis may
exist. However, Bound (1991) shows that the smaller effect could be due to measurement
errors in objective health measures in the sense that they are not perfectly correlated with
those aspects of health that impact on labour supply (that is, work capacity). Using a
simultaneous equation model Stern (1989) does not find evidence supporting the
justification hypothesis. Using a similar model to Stern (1989), Cai and Kalb (2004) find
that the latent labour force variable has an insignificant effect on latent health for older
working-age Australian men. Using an instrumental variables approach, Dwyer and
Mitchell (1999) also find no evidence for the justification hypothesis.
12

For example, see Lambrinos, 1981; Myers, 1982; Parsons, 1982; Bazzoli, 1985; Anderson and
Burkhauser, 1984, 1985; Stern, 1989; Bound, 1991; Kreider, 1999; and Dwyer and Mitchell, 1999.
13
Bound (1991) argues that the overestimation resulting from the justification hypothesis may be offset by
the error-in-variable bias if the health variable is also measured with errors. Therefore, the direction of the
overall bias on the estimate for the self-assessed health variable is not clear and the magnitude of the bias
may be small.
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The literature that directly evaluates the reporting bias of the health variables is much less
extensive and the existing evidence is again mixed. While Bazzoli (1985) concludes that
the importance of self-assessed health may be overstated in early-retirement studies, Boaz
and Muller (1990) find that the early retirees do not exaggerate their health problems to
justify retirement status. By benchmarking the self-assessed health of workers, Kreider
(1999) finds that non-workers overstate their health problems. However, the underlying
assumption in Kreider’s study that workers provide unbiased reports on their health is
questionable (Myers, 1982; Stern, 1989). If subjective measures of health reflect leisure
preferences, workers may downplay their health problems because they enjoy working
(Dwyer and Mitchell, 1999; Benitez-Silva et al., 2000). Benitez-Silva et al. (2000) use
the definition of disability by the US Social Security Administration (SSA) as a social
standard to assess the potential bias of the self-assessed disability status in the Health and
Retirement Survey (HRS). They find no evidence of reporting bias in the sense that the
disability benefit applicants in HRS do not exaggerate their health problems, compared
with the standards used by the SSA.
Furthermore, the assumption underlying the justification hypothesis may be questionable.
The hypothesis is based implicitly on the assumption that individuals first make a labour
supply decision, and then report a health status level to justify that decision. However, it
could also be the case that individuals first assess their health status and then formulate a
strategy for modifying their labour market behaviour that accommodates their judgment
(Chirikos, 1993). This argument is taken by Santiago and Muschkin (1996, p304) for
supporting their use of self-assessed health: “We were concerned about tapping into the
effects of the cognitive dimension of disability. If individuals perceive themselves to be
in poor health or unable to work, these perceptions may be the primary factors underlying
labour market behaviours”.
In addition, there is a large literature showing that self-assessed measures of health are
good indicators of health in the sense that they are highly correlated with medically
determined health status (Nagi, 1969; Maddox and Douglas, 1973; LaRue et al., 1979;
Ferraro, 1980) and also good predictors of mortality and morbidity (Mossey and Shapiro,
1982; Idler and Kasl, 1995; McCallum, Shadbolt and Wang, 1994; Connelly et al., 1989).
Furthermore, Gerdtham et al. (1999) show that a continuous health status measure
12

constructed from categorical self-assessed health by the method of Wagstaff and Van
Doorslaer (1994) is highly correlated with other continuous measures of health.
Given the above reasons, the fact that most studies that have included a health measure to
explain labour supply decisions have employed self-assessed health as an explanatory
variable, and the fact that our data do not have an objective measure of general health, we
use self-assessed health in our model.
Before describing the variables included in the model, we tabulate labour force status
against self-assessed health status in Table 1 for the sample. We define our sample to be
males aged between 51 and 64 (inclusive) years in all three waves. People over 64 years
of age are excluded because they are eligible for the Age Pension and therefore face
different incentives compared to those of working age. People over 64 years of age are
largely out of the labour force.
Table 1: Labour force status by self-assessed health status of older working-age
Australian men (column percentages)
Labour force status(a)

Poor (0)

Fair (1)

% not in labour force
% in labour force
Observations

71.43
28.57
49

54.03
45.97
124

% not in labour force
% in labour force
Observations

88.37
11.63
43

46.45
53.55
155

% not in labour force
% in labour force
Observations

83.33
16.67
48

55.1
44.9
147

% not in labour force
% in labour force
Observations

80.71
19.29
140

51.64
48.36
426

Health status
Good (2)
Very good (3)
Wave 1
18.39
11.99
81.61
88.01
261
267
Wave 2
21.11
15.6
78.89
84.4
270
250
Wave 3
22.03
17.96
77.97
82.04
286
245
Waves 1 to 3
20.56
15.09
79.44
84.91
817
762

Excellent (4)

All

16.09
83.91
87

24.87
75.13
788

11.43
88.57
70

27.16
72.84
788

12.9
87.1
62

29.95
70.05
788

13.7
86.3
219

27.33
72.67
2,364

Note (a): In labour force includes employed and unemployed persons.

A positive (negative) relationship between labour force participation (non-participation)
and health status appears from the simple tabulation. Specifically, the proportion of older
working-age Australian men who are not in the labour force decreases with health status
for all three waves of data. That is, the better their health, the more likely an individual is
to be in the labour force. For example, while over 81 percent of older working-age
Australian men who reported poor health in the three waves of the survey were not in the
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labour force, only 15 percent who reported very good health were not in the labour force.
Although both labour force participation and health status are persistent variables, where
the majority of respondents remains in the same category from one year to the next year,
a substantial proportion (just under 50 per cent) change health status and a lower
proportion (around 10 per cent) change labour force status.
Table 2 provides the definitions for all variables and shows in which equation(s) they are
included. The identification condition for a recursive model like the one specified in this
paper is that xh includes some variables that are not included in xL (Maddala, 1983, p.
122). As shown in Table 2, this condition is satisfied.
The variables included in the labour force status equation are standard in the literature of
labour supply determination. However, for the health equation, some justification may be
needed for the inclusion of some of the variables listed. Age is included because it is
often observed that health deteriorates with age (Kenkel, 1995). Australian survey data
show that the disability incidence rate increases with age (ABS, 1998) and the probability
of entering the disability benefit program is higher among older people than among
younger people (Cai and Gregory, 2003). In other studies, it has been noticed that health
and marital status are closely related (for example, see Wilson and Oswald (2005) and
references therein). Although there are different hypotheses about the mechanism through
which this relationship is established, health is often observed to be positively correlated
with being married. Education may improve health through enhanced awareness of
health-related knowledge. In addition, it may serve to help control for the impact of
parental socio-economic status (SES) on an individual’s health since individual
educational achievement is influenced by the parents’ SES. Finally, education and age are
key factors in the determination of an individual’s wage. Since wage is only observed for
labour force participants and (potential) wage is likely to influence health, we include
education and age as instruments for wage in both the health and labour force equations.
The variable capital city is included because individuals living in capital cities may have
better access to health services, which would have a positive effect on health, although
living in a capital city can be more stressful at the same time, which would affect health
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negatively.
Table 2: Variable definition
Endogenous variables
labour force status 0 non-participation, 1 participation
health
self-assessed health status, 0=poor, 1=fair, 2=good, 3=very good, 4=excellent
Variables appearing in both equations (xh and xL)
Demographic and education
age
age deviation from 50
married
1 if married or de facto
indigenous
1 if indigenous or Torres Strait Islander
degree
1 if has a bachelor or higher degree
other post-sch qual 1 if has other non-degree post-school qualifications
completed year 12 1 if highest education completed is year 12
year 11 or lower
1 if highest education completed is lower than 12
Job history, occupation and spouse's labour force status
employ history
years in employment since first leaving full-time education
unemploy history
years in unemployment since first leaving full-time education
white collar 1
1 if last or current job as a manager, administrator or professional
white collar 2
1 if last or current job as a clerical, sales or service worker
blue collar
1 if last or current job as a tradesperson, labourer, production or transport
worker or related worker
spouse in LF
1 if married and the spouse in the labour force
Income and whether living in a capital city
own NL income
monthly income from investment (for example interest and dividend), private
transfer and windfall income in previous financial year
spouse income
monthly spouse's income in previous financial year
capital city
1 if living in a capital city(a)
Additional variables appearing in the labour force participation equation (xL)
Health as categorical variable
excellent health
1 if self-assessed health status = 4
very good health
1 if self-assessed health status = 3
good health
1 if self-assessed health status = 2
fair health
1 if self-assessed health status = 1
poor health
1 if self-assessed health status = 0
Demographic
born overseas
1 if born overseas
born non-En country 1 if born in a non-English speaking foreign country
poor English
1 if spoken English is poor
child 0-14
1 if has child(ren) aged 0 to 14
married*child 0-14 interaction between married and child 0-14
Additional variables appearing in the health equation (xh)
smoker
1 if currently smoking or ever smoked
health condition
1 if has long-term health conditions
lack physical activity 1 if lack of physical activity, defined as no physical activity at all or less than
once per week
heavy drinker
1 if a heavy drinker, defined as drinking more than 6 standard drinks a day
when drinking
physical functioning Index of physical functioning, ranging from 0 to 100.
Note (a), The capital cities do not include Hobart and Darwin because they cannot be identified from the data.
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To explain the difference in self-assessed health status between individuals, it would be
ideal to have some specific and objective health indicators in the health equation, such as
symptoms, types and severity of disability or health conditions. Unfortunately, such
detailed objective measures are not available in the HILDA survey. However, two
summary indicators of health problems are available in the data and are included in the
health equation. The first is the existence of long-term health conditions (health
condition). This variable is included although it is self-assessed, following a suggestion
by Bound, Schoenbaum and Waidmann (1995) that it is reasonable to treat self-reports of
chronic health conditions as exogenous. Bound, Schoenbaum and Waidmann (1996)
argue that survey questions that are more specific and concrete should be less subjective
and therefore less susceptible to the rationalisation endogeneity problems. The variable
health condition is used here in a similar way to Stern (1989). The difference is that Stern
(1989) includes a list of specific long-term health conditions in his health equation, while
we only have a summary indicator. However, HILDA respondents are shown a card
listing specific examples of these conditions when answering this question. The second is
one of the SF-36 indices, the index for physical functioning. Because this index is
constructed based on individuals’ answers to the questions about specific physical
functioning limitations, such as climbing one flight of stairs, lifting or carrying groceries,
or bending, kneeling or stooping, it can be treated as an exogenous variable. The index
value ranges from 0 to 100, with 0 indicating that there is no physical functioning
limitation (see Ware et al., (2000) for the construction and interpretation of the index).
By including being a smoker, a heavy drinker and lack of physical activities variables in
the health equation only, we assume that they affect labour force status only through their
impacts on health. Smoking has been used as a rate of time preference indicator (Barsky
et al., 1997), but there is no strong evidence here to assume that smoking or drinking
affects labour force status except indirectly through health (see Cai and Kalb, 2004).
The impact of unemployment on health has been discussed frequently (Wilson and
Walker, 1993; Jin, Shah and Svoboda, 1995; Mathers and Schofield, 1998) and is
included in our model as well. The inclusion of an employment history variable can also
be justified in theory although its expected effect is ambiguous. On the one hand,
employment may put stress on individuals or bad work conditions may be harmful to
16

health; on the other hand, employment may make people happier and enhance selfconfidence which could have a positive effect on health. In addition, wealth and income,
which are important factors in health determination, depend to some extent on
employment experience. Family income and wealth depend at least partly on the spouse’s
employment and furthermore the spouse’s participation in the labour force may release
pressure from the individual by reducing the risk of unemployment. Therefore, the
spouse’s labour force participation could have an impact on an individual’s health status.
Although we do not directly control for wages in the labour force status equation, two
income variables, the individual’s own non-labour income and the spouse’s income (if
married), are included to control for the impacts of non-labour income on labour supply.
In addition to the categorical health variables, a few other variables in the labour force
status equation are not included in the health equation. These are being an immigrant, the
ability of speaking English and the presence of children. Firstly, being an immigrant,
especially from a non-English speaking background, and poor proficiency in speaking
English may affect labour force status through language or cultural problems but it is
unlikely that the effects on health can be identified if subgroups of countries of origin,
with for example different levels of health care and different propensities for diseases,
cannot be distinguished. For aggregate groups of immigrants, the overall effect may be
small, given that the effects for individuals from different countries may offset each other.
In addition, as the duration since the immigrants’ arrival in Australia increases, their
health status will become more similar to the health status of individuals born in Australia.
Similarly, marital/de facto status interacted with the presence of children is likely to
affect labour force status, but it is unlikely to affect an individual’s health status in a
specific direction.
Table 3 presents variable means for three waves of the sample used in the analysis. As
expected, given the ageing of our sample, the proportion in the labour force decreases
from wave 1 to wave 3, while the mean health deteriorates. The decrease in mean health
is mainly due to the proportion reporting excellent or very good health decreasing,
increasing the proportion in good or fair health, rather than increasing the proportion
reporting poor health.
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Table 3: Descriptive statistics of the sample

labour force
health
excellent health
very good health
good health
fair health
poor health
age
married
child 0-14
married*child 0-14
born overseas
born non-En country
poor English
indigenous
degree
other post-sch qual
completed year 12
year 11 or lower
white collar 1
white collar 2
blue collar
smoker
health condition
heavy drinker
lack of physical activity
physical functioning
living in capital city
employ history
unemploy history
spouse in LF
spouse income
own NL income
number of observations

Wave 1
Mean
Std.Dev
0.75
0.43
2.28
1.05
0.11
0.31
0.34
0.47
0.33
0.47
0.16
0.36
0.06
0.24
55.7
3.7
0.81
0.39
0.13
0.34
0.11
0.32
0.30
0.46
0.13
0.34
0.004
0.062
0.01
0.11
0.20
0.40
0.42
0.49
0.07
0.25
0.31
0.46
0.35
0.48
0.30
0.46
0.35
0.48
0.63
0.48
0.35
0.48
0.05
0.21
0.13
0.34
79.4
24.5
0.53
0.50
36.48
6.16
0.55
1.94
0.53
0.50
1620
2244
344
1707
788

Wave 2
Mean
Std.Dev
0.73
0.45
2.19
1.03
0.09
0.28
0.32
0.47
0.34
0.47
0.20
0.40
0.05
0.23
56.6
3.7
0.82
0.39
0.11
0.31
0.09
0.29
0.30
0.46
0.13
0.34
0.004
0.062
0.01
0.11
0.20
0.40
0.42
0.49
0.07
0.25
0.31
0.46
0.34
0.48
0.30
0.46
0.36
0.48
0.65
0.48
0.33
0.47
0.06
0.24
0.14
0.34
79.2
23.8
0.53
0.50
37.21
6.22
0.60
2.01
0.48
0.50
1820
3100
552
2448
788

Wave 3
Mean
Std.Dev
0.70
0.46
2.16
1.02
0.08
0.27
0.31
0.46
0.36
0.48
0.19
0.39
0.06
0.24
57.6
3.7
0.82
0.39
0.10
0.30
0.08
0.27
0.30
0.46
0.13
0.34
0.006
0.079
0.01
0.11
0.20
0.40
0.43
0.49
0.06
0.25
0.30
0.46
0.34
0.48
0.31
0.46
0.36
0.48
0.66
0.47
0.41
0.49
0.06
0.24
0.14
0.35
78.1
24.7
0.54
0.50
37.90
6.29
0.63
2.06
0.47
0.50
1870
3603
755
4082
788

Wave 1 to 3
Mean
Std.Dev
0.73
0.45
2.21
1.03
0.09
0.29
0.32
0.47
0.35
0.48
0.18
0.38
0.06
0.24
56.6
3.8
0.82
0.39
0.11
0.32
0.10
0.29
0.30
0.46
0.13
0.34
0.005
0.068
0.01
0.11
0.20
0.40
0.42
0.49
0.07
0.25
0.31
0.46
0.34
0.48
0.30
0.46
0.36
0.48
0.65
0.48
0.36
0.48
0.05
0.23
0.14
0.34
78.9
24.3
0.53
0.50
37.20
6.25
0.59
2.00
0.49
0.50
1770
3035
550
2923
2364

5. Estimation results
Tables 4 and 5 present the estimation results for the labour force status equation and
health equation respectively. These results are based on the variance-covariance structure
of (4) and (7), which imposes the least restrictions on the two disturbance terms among
the scenarios specified earlier. This is therefore our preferred specification.
The first subsection presents the results on the labour force status equation, followed by
the health equation results in subsection 5.2. The correlation coefficients are discussed in
5.3. In subsection 5.4, we compare the estimated health effects from the preferred
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specification with those from alternative specifications. For ease of interpretation, the
table also reports the mean marginal effects (MME) based on marginal distributions.14
Table 4: Estimation results for the labour force status equation
Variables

Coefficient estimates
Coef.
s.e.
constant
-8.7319***
0.9506
excellent health
6.5673***
0.5083
very good health
5.2730***
0.4062
good health
3.8198***
0.3420
fair health
2.2788***
0.2981
age/5
-1.7950***
0.2175
born overseas
0.0597
0.2966
born non_En country
0.2056
0.4098
indigenous
-0.3442
1.0832
married
0.1665
0.2735
child 0-14
-0.2679
0.6117
married*child 0-14
0.447
0.7312
spouse in LF
1.2885***
0.2090
degree
1.5715***
0.4037
other post-sch qual
0.3826
0.2558
completed year 12
0.7046
0.4857
employ history/10
1.8435***
0.2635
unemploy history
0.1443**
0.0573
poor Eng
-0.1465
2.6361
white collar 2
0.3518
0.2395
blue collar
0.8339***
0.2221
capital city
0.2832
0.2277
own NL income/1000
-0.0485*
0.0270
spouse income/1000
-0.018
0.0473
Note: a) average predicted probability in the sample.
***significant at 1%, ** 5% and * 10%.

Mean marginal effect (MME)
estimates
MME (L=1)
s.e.
0.7114a
0.7382***
0.0467
0.6626***
0.0439
0.5173***
0.0380
0.3047***
0.0333
-0.1750***
0.0158
0.0058
0.0288
0.0196
0.0389
-0.0346
0.1123
0.0164
0.0273
-0.0266
0.0618
0.0421
0.0663
0.1301***
0.0208
0.1471***
0.0333
0.0404
0.0269
0.0722
0.0472
0.1791***
0.0206
0.0140**
0.0055
-0.0144
0.2634
0.0352
0.0235
0.0796***
0.0202
0.0277
0.0222
-0.0047*
0.0026
-0.0018
0.0046

5.1. The labour force equation

Firstly, the health categorical variables are each strongly significant in the labour force
participation equation. The omitted health category is poor health. The results show that
compared with people with poor health, people having any other health status have a
higher probability of participation. For instance, the MME estimates indicate that
everything else equal, a person with excellent health will have a probability of
participation that is about 74 percentage points higher than a person with poor health. The
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The marginal effects are calculated for each observation, and then averaged to obtain the mean marginal
effects (MME) over the sample. The standard errors of the MMEs are calculated using the Delta method
(Greene, 1993).
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health effect is not linear. While a change from poor to fair health increases the
probability of participation by about 30 percentage points, a change from very good to
excellent health only raises the probability of participation by about 8 percentage points.
A change in health status at the lower end of the health scale has a much larger effect on
the probability of participation than a change at the upper end of the scale. This finding
justifies our specification in which health enters the labour force participation equation as
a set of dummy variables rather than as a continuous variable.
The variable age is scaled for estimation purposes by dividing it by 5. The sign of the age
variable is as expected: it has a negative effect on participation. From the MME estimate,
holding other things constant, an increase in age by 5 years reduces the probability of
labour force participation by about 18 percentage points.15
The coefficient on the variable spouse in LF compares persons who are married to
spouses in the labour force with those married to spouses not in the labour force. This
variable is strongly significant with a positive sign, implying that compared with an older
male married to a spouse not in the labour force, an older male married to a spouse in the
labour force will have a labour force participation probability that is 13 percentage points
higher. This result is consistent with the observation that there are few married couples
where only the wife participates in the labour force. An explanation for this result may be
that leisure time of older married couples is complementary in the sense that couples tend
to spend leisure time together (Blau and Riphahn, 1999; Coile, 2004).
For the educational variables, the omitted category is the lowest level: those who did not
complete year 12. The educational variables are jointly significant at the 5% significance
level and have the expected signs. However, only the degree variable is individually
significant. The MME estimate indicates that compared with a man who did not complete
year 12, but is otherwise the same, an older male with a degree has a labour force
participation probability that is 15 percentage points higher.
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In an alternative specification, we included a squared age variable in the model. In the labour force
equation, the age variable was rendered weakly significant (negative) and the squared age variable was
weakly significant (negative) as well. Both age variables were insignificant in the health equation. The
estimates for the other coefficients were very similar to those presented here.
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Employment history appears to be important to explain current participation.
Theoretically, the sign of the employment history variable is ambiguous. On the one hand,
the longer one has been employed, the more income one has earned (and saved) and the
person might prefer to consume more leisure now. This is the income effect. On the other
hand, the longer one is employed, the more experience one has and the higher the
earnings that can be commanded. As a result, the person might be less likely to leave the
labour force. This is the opportunity cost effect. The estimated sign on this variable
suggests that employment history has a positive impact on labour force participation.
That is, the opportunity cost effect dominates the income effect. The results from the
MME estimate indicate that a 10-year increase in past employment raises the probability
of participation by about 18 percentage points. Theoretically, the unemployment history
has an ambiguous impact as well, due to a similar line of argument. The estimated result
indicates that the income effect dominates the opportunity cost effect. One additional
year of unemployment in the past raises the probability of participation by 1.4 percentage
points.
Occupation is also important in older men’s labour force participation. For men, who are
not employed at the time of the interview, the occupation in the last job is used. Only one
man in the sample had never worked and was dropped from the analysis. The omitted
occupational category is white-collar category 1, representing managers, administrators
and professionals. While the occupational variables are jointly significant at the 5% level,
only the blue-collar variable is individually significant. The MME estimate shows that
compared with managers, administrators and professionals, older blue-collar male
workers have a probability of participation that is 8 percentage points higher. One
explanation is that blue-collar workers might not have been able to save enough for their
retirement due to relatively low earnings in their types of jobs.16
For the two income variables, only the own non-labour income variable is weakly
significant and has the expected sign. The MME estimate for this variable indicates that a
$1000 increase in monthly own non-labour income reduces the probability of
16

To test the argument of whether the positive estimate for the blue-collar variable could have been driven
by more blue-collar workers being unemployed while in the labour force, we estimated a model where the
labour force status was divided into employed and not employed. The estimated effect of the blue-collar
variable remained positive and significant, suggesting that this was not a plausible explanation.
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participation by less than 0.5 percentage point. This effect is very small from an
economic point of view.
The variables, whether having children under 15 years of age, English speaking ability,
whether living in a capital city and spouse’s income, also have the expected signs, but
these are insignificant.17
5.2. The health equation

The estimation results for the health equation are presented in Table 5. In the literature on
the effects of health on labour force status, the determination of health is not the focus.
The health equation, if estimated, is to account for the endogeneity of self-assessed health
resulting from unobserved variables (for example, Stern, 1989), or to construct a health
index to be used in the labour force status equation (for example, Campolieti, 2002).
Although in this paper, the main aim of estimating the health equation is to control for the
endogeneity of the health variable as well, it is worthwhile to discuss briefly the
estimation results for the health equation.
Except the variable married all significant variables have the expected sign.18 Consistent
with the theory that health depreciates with age (Grossman, 1999), we obtain a negative
coefficient on the age variable, although it is insignificant.19 However, the MME estimate
for this variable is weakly significant for the probability of being in poor or very good
health, with opposite signs. Also consistent with established findings that indigenous
people have poorer health than non-indigenous Australians (Gray, Hunter and Taylor,
2003), the variable indicating indigenous status has a negative coefficient and is weakly
significant. An older working-age man married to a spouse in the labour force has better
health than an older man married to a spouse who is out of the labour force. This is
perhaps because there is less pressure on a man if his spouse is also working than if his
spouse is not. The educational variables have the expected sign. Again, these variables
are jointly significant at the 5% level, with the degree variable being strongly significant,
17

Only 3 to 4 men per wave are classified as having poor English skills.
Note that because the variable spouse in LF is essentially an interaction variable between marital status
and spouses’ labour force status, the estimate for the variable married actually measures the difference
between people who are married to a spouse not in the labour force and single persons.
19
Investment in health may offset the adverse effect of age on health.
18
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-0.9560***
0.0826

0.2206

0.1502

0.6845

0.0212
0.0196
0.4775
0.4805
0.4751
0.471

***significant at 1%, ** 5% and * 10%.

log-likelihood
No. persons

-0.6854***
-3021.05
788

1.6320***

δ hL ( µ )

δ hL(ν )

3.9856***

δ h(µ )

-0.0025
0.0177
-1.7086***
0.5228
2.6322***
4.8887***

0.0001
-0.0008

Coefficient estimates
Coef.
s.e.
MME (h=0)
-0.1397
0.0903
0.0057*
-0.6521*
0.3963
0.0332
-0.5386***
0.1443
0.0201**
0.2535**
0.1096
-0.0111*
0.5606***
0.1807
-0.0202***
0.0594
0.1346
-0.0026
0.1384
0.2186
-0.0058
0.2387*
0.1231
-0.0098***
-0.0463
0.039
0.0019
-1.0081***
0.0827
0.0377**
-0.3952***
0.1064
0.0153**
-0.0591
0.1685
0.0025
-0.4547***
0.102
0.0205**
0.2968***
0.0149
-0.0122***
-0.2067**
0.1048
0.0079
-0.3202***
0.1181
0.0127*
0.0562
0.1064
-0.0023

δ L(µ )

age/5
indigenous
married
spouse in LF
degree
other post-sch qual
completed year 12
employ history/10
unemploy history
health condition
smoker
heavy drinker
lack physical activity
physical functioning
white collar 2
blue collar
capital city
own NL
income/1000
spouse income/1000
cut_1 (A0)
cut_2 (A1)
cut_3 (A2)
cut_4 (A3)

Variables

0.0009
0.0009

0.0002
-0.0016
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s.e.
MME (h=1)
0.0035
0.0127
0.0267
0.063
0.0087
0.0461***
0.0062 -0.0236**
0.0072 -0.0510***
0.0057 -0.0058
0.0088 -0.0133
0.0029 -0.0217**
0.0019
0.0042
0.0158
0.1150***
0.0067
0.0362***
0.0073
0.0054
0.0088
0.0446***
0.0038 -0.0270***
0.0051
0.0189*
0.0068
0.0297**
0.0044 -0.0051

Table 5: Estimation results for the health equation

0.0019
0.0018

0.0001
-0.0009

0.0012
0.0011

-0.0003
0.002

Mean marginal effect (MME) estimates
s.e.
MME (h=2)
s.e.
MME (h=3)
0.0078
0.0081
0.0077
-0.0153*
0.0405
0.0233
0.0232
-0.0784
0.0138
0.0359**
0.0155
-0.0529**
0.0108
-0.0133
0.0094
0.0291**
0.0153
-0.0375
0.0234
0.0601***
0.0129
-0.0031
0.0076
0.0071
0.0206
-0.0075
0.0138
0.0163
0.0092
-0.0138
0.0135
0.0261***
0.0037
0.0027
0.0022
-0.0051
0.0194
0.0466
0.0434
-0.1352***
0.0111
0.0245*
0.0125
-0.0432***
0.0156
0.0033
0.0093
-0.0065
0.0116
0.0205
0.0155
-0.0540***
0.0029
-0.0171*
0.0089
0.0325***
0.0102
0.0131
0.0082
-0.0225*
0.0122
0.0191*
0.0107
-0.0358**
0.0097
-0.0032
0.0065
0.0062
0.0023
0.0022

-0.0002
0.0013

s.e.
MME (h=4)
0.0091
-0.0112
0.051
-0.0411*
0.0207
-0.0493**
0.0141
0.0189*
0.019
0.0487*
0.016
0.0043
0.0252
0.0102
0.0092
0.0192
0.0047
-0.0037
0.0181
-0.0642**
0.0157
-0.0328**
0.019
-0.0047
0.0152
-0.0316**
0.0063
0.0239***
0.0132
-0.0173*
0.0163
-0.0258**
0.0117
0.0045

0.0017
0.0015

s.e.
0.0095
0.0241
0.0198
0.0102
0.0273
0.0101
0.0177
0.016
0.003
0.0257
0.0138
0.0131
0.0129
0.0087
0.0098
0.0119
0.0088

indicating that older males with a degree have better health. This may be due to better
knowledge on healthy lifestyles and to better working conditions during one’s career.
The employment history variable is weakly significant and has a positive sign, implying
that past employment experience increases the health of older working-age Australian
men. However, it is not clear whether this occurs because more years of past employment
enable more investments in health, or a longer employment history simply reflects the
good health of a person. Past unemployment experience seems to have an adverse effect
on health, but is not accurately estimated.
The five health-related variables, which are used to identify the labour force status
equation, all have the expected signs and are strongly significant except for the heavy
drinking variable. Importantly, the results show that unhealthy behaviour, such as
smoking or lack of physical activity, has a negative effect on people’s health.
The occupational variables also have the expected signs and are significant, indicating
that compared with professionals, managers and administrators, other white and bluecollar workers tend to have poorer health. However, it is not clear whether this occurs
because working conditions of low-level occupations are “bad” and harmful to health, the
workers in low-level occupations invest less in health, or less healthy people are more
likely to work in low-level occupations.
The variables spouse income and living in a capital city have the expected signs, but are
insignificant. The variable own non-labour income has an unexpected sign, but again it is
insignificant.
5.3. The correlation between equations

The last panel in Table 5 also presents the parameter estimates for the variancecovariance matrix. All four parameters are strongly significant, indicating that there are
efficiency gains from the flexible specification of the error terms and the use of panel
data. The variances of the two time-invariant terms are sizable. In the labour force status
equation, the variance of the time-invariant term accounts for 80 percent of the total error
variance. In the health equation, the time-invariant effect accounts for over 60 percent of
the total variance. Both the covariance of the time-invariant unobserved heterogeneity
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and the correlation between the time-variant error components are negative and strongly
significant. The negative and significant correlation of the time-variant error components
is similar to that found by Sickles and Taubman (1986).
The negative correlation and covariance between the unobserved time-variant and timeinvariant determinants of health and labour force status suggest that these unobserved
variables have opposite effects on health and labour force status. Consequently, if the
negative correlation between the two equations were not controlled for, the direct effect
of health on labour force participation would be underestimated (see the next subsection).
However, it is not immediately obvious what these unobserved factors are. One possible
example of a time-invariant unobserved variable is people’s inherent attitude towards
leisure, work and health. For instance, there are people who put a high priority on a
healthy lifestyle and thus prefer more leisure time so that they can look after their health
properly. On the other end of the scale, there are people who are highly ambitious with
regard to their career, putting a high priority on work. This type of person is more likely
to stay in the labour force even at an older age. As a result, they may also be more likely
to put high pressure on themselves, which could negatively affect their health.20 This
inherent, individual unobserved variable therefore causes a negative correlation. Possible
examples of time-variant unobserved variables are a temporary change in individuals’
preferences, such that people withdraw from the labour force to engage in activities
beneficial to health (for example, travelling); or a plant closure or a reduction in firm size
rendering individuals unemployed but potentially with a decent payout or an attractive
early retirement scheme, which could make it attractive to exit the labour force, while at
the same time benefiting health.
In addition to the model reported here, alternative specifications were estimated to
explore the sensitivity of the correlation between the error terms to such a change. For

20

Wealth might be another example, given that wealthy people are more likely to retire earlier and also
have better health. In the second wave of the HILDA, questions on wealth were asked. We therefore
examined the effect of including net wealth from the second wave as a time-invariant variable in the model
(in addition to the other two financial variables). The covariance of the time-invariant error components
between the two equations was still significantly negative, with a size similar to the one reported in the
paper. The change in other parameters was also negligible, but the effect of wealth was positive and
significant at the 10% level in the health equation. These results suggest that wealth could not be the only
source of time-invariant unobserved heterogeneity.
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example, we dropped the spouses’ labour force participation variable from both equations
in one specification and we dropped the health variable from the labour force equation in
another specification. In the first specification, the covariance coefficients of the timeinvariant error components and the time-variant error components remain negative and
significant, although the magnitude reduces, which is as expected. In the second
specification, the covariance coefficients of the time-invariant error components and the
time-variant error components became both positive and significant. This suggests that
including the direct effect of health absorbs all positive correlation between health and
labour force participation and controls for all factors that cause a positive correlation
between the two equations. What remains in the error terms causes a negative correlation
between the two equations.
5.4. Alternative specifications of the correlation between equations

In this subsection, we look at the changes in estimated effects of health on labour force
status when restrictions are imposed on the correlation between the two equations. The
results reported in Tables 4 and 5 are those resulting from the correlation specification in
(7). Alternative specifications in (5) or (6) are equivalent to imposing the restriction

δ hL (ν ) = 0 or δ hL ( µ ) = 0 on the equations in (7). For completeness, we also estimate the
model imposing both restrictions, δ hL (ν ) = 0 and δ hL ( µ ) = 0 . The latter is equivalent to
estimating equations (1) and (2) separately using probit and random effect ordered probit
models respectively, and treating health as an exogenous variable in the labour force
participation equation.
Before presenting the estimates from alternative specifications, Table 6 first provides the
likelihood ratio tests on the restrictions imposed by the three alternative specifications.
From the p-values, it can be seen that all restricted models are rejected at conventional
significance levels, in favour of the model without any restrictions.
Table 7 presents the MMEs of the health variables from different specifications. The
coefficient estimates for the different alternative specifications are presented in the
Appendix. Compared to the specification from equation (7) (results reproduced in the
first column in Table 7), any restriction on the correlation between the two equations
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reduces the estimated MMEs of the health variables, especially for the top two health
categories (confirming our discussion in section 5.3). For example, the MME of very
good health when δ hL (ν ) = 0 is imposed is 26 percentage points less than the MME
estimated without such a restriction; the MME of fair health is about 17 percentage points
less. The specification assuming there is no correlation between the two equations
produces the smallest direct health effects. This finding suggests that treating (selfassessed) health as an exogenous variable in the labour force participation equation leads
to underestimation of the direct health effects rather than overestimation, as would be
implied by the justification hypothesis.
Table 6: Likelihood Ratio (LR) test for restrictions

δ hL ( µ ) = 0

δ hL (ν ) = 0

δ hL (ν ) = 0 δ hL ( µ ) = 0

19.3
0.0000

37.9
0.0000

38.1
0.0000

χ2
P-value

Table 7: MMEs of health effects in alternative specifications (poor health is the
base group)
δ hL (ν ) ≠ 0
δ hL (ν ) ≠ 0
δ hL (ν ) = 0
δ hL (ν ) = 0

δ hL ( µ ) ≠ 0

δ hL ( µ ) = 0

δ hL ( µ ) ≠ 0

δ hL ( µ ) = 0

excellent health
0.7382***
0.5414***
s.e.
0.0467
0.0538
very good health
0.6626***
0.4910***
s.e.
0.0439
0.0504
good health
0.5173***
0.3946***
s.e.
0.0380
0.0464
fair health
0.3047***
0.2516***
s.e.
0.0333
0.0413
***significant at 1%, ** 5% and * 10%.

0.4298***
0.0555
0.4037***
0.0495
0.3353***
0.0462
0.2227***
0.0394

0.3646***
0.0461
0.3490***
0.0426
0.2922***
0.0422
0.1959***
0.0384

The marginal effects in Table 7 are based on the assumption that one can change health
exogenously, without a change in the associated correlated unobserved heterogeneity
terms of health and labour force participation. That is, health changes due to a change in
the exogenous factors in the health equation (of course some exogenous factors also
affect labour force participation directly, in which case the net effect may be different
from the direct effect of health). If the change in health level is due to one of the
unobserved factors, the correlation between the two equations should be taken into
account to calculate the net effect. Given the relatively large negative estimates
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for δ hL ( µ ) and δ hL (ν ) , this is expected to make a substantial difference. Table 8 presents the
predicted probability of labour force participation conditional on the health status. This
accounts for the correlation of the unobserved terms. The reported conditional
probabilities are averages over the sample.
Table 8: Predicted conditional probability of labour force participation
δ hL (ν ) ≠ 0
δ hL (ν ) ≠ 0
δ hL (ν ) = 0
δ hL (ν ) = 0

δ hL ( µ ) ≠ 0

δ hL ( µ ) = 0

δ hL ( µ ) ≠ 0

Predicted conditional probability of participation
0.57
0.45
0.49
0.70
0.65
0.67
0.74
0.74
0.75
0.77
0.81
0.79
0.77
0.83
0.80
Compared to poor
Fair health
0.13
0.20
0.18
Good health
0.17
0.29
0.26
Very good health
0.20
0.35
0.30
Excellent health
0.20
0.38
0.31
Poor health
Fair health
Good health
Very good health
Excellent health

δ hL ( µ ) = 0
0.45
0.65
0.75
0.80
0.82
0.20
0.29
0.35
0.36

Comparing the predicted conditional probability of people at different health levels in the
lower section of Table 8, it can be seen that the implied effect of health is lower than that
in Table 7.21 In addition, comparing the most restricted specification in the last column
with the least restricted specification in the first column, the effect of being poor on
labour force participation is smaller in the least restricted specification. The difference
between the results in Tables 7 and 8 lies in the inclusion of time-variant and timeinvariant unobserved terms that are negatively correlated across the two equations.
Nevertheless, the effect of health on labour force participation remains substantial even
when the indirect effect from unobserved variables is taken into account.

21

The predicted probability of labour force participation conditional on poor health in Table 8 is higher
than that observed from the data (in Table 1) and the predicted probability of labour force participation
conditional on excellent health is lower. This is due to the correlation of health with observed heterogeneity.
In Table 8 the probabilities are calculated for the whole sample, whereas in Table 1 the proportions are
computed for subgroups with different levels of health. Those with poor health are likely to have other
characteristics, which have a negative effect on labour force participation, whereas those with excellent
health have other characteristics, which positively affect labour force participation. This reinforces the
lower and higher probabilities of labour force participation of those in poor and excellent health
respectively.
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6. Conclusion
This paper examines the health effects on labour force status of older working-age
Australian men. We use a random-effect approach to exploit the panel data nature of the
HILDA survey and to control for unobserved heterogeneity. In addition, we account for
the endogeneity of the health variable, resulting from unobserved heterogeneity, by
introducing a health equation and allowing the error terms in the health equation and the
labour force status equation to be correlated.
The results show that the model estimated in the paper may provide efficiency gains
because a relatively flexible variance-covariance structure was allowed for the error
terms in the two equations. All terms in the specification are found to be significant,
indicating that restricting some of these terms to zero would have reduced the efficiency
of the estimates.
The estimates confirm the finding in the literature that health has a significant effect on
labour supply. Importantly, comparing the different specifications of the correlation
between the two equations, we find that any restriction on the correlation leads to an
underestimation of the direct health effects. Particularly, treating health as an exogenous
variable, that is, to assume that the two equations are uncorrelated, substantially
underestimates the direct health effects, which lends support to rejection of the
justification hypothesis.
From a policy point of view, knowing the magnitude of health effects is important,
because it can be used to estimate the indirect costs of health problems through a
reduction in labour supply. The results presented in this paper show that the indirect costs
of health problems may be underestimated when using models that treat health as an
exogenous variable in the labour force status equation, compared with models that
account for the endogeneity of the health variable, such as the one used in this paper. The
larger indirect costs of health problems estimated from a more efficient model may lend
support to investment in policies aimed at improving health, especially older workers’
health.
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Appendix
Table a1: Estimated coefficients for alternative specifications of the correlation

δ hL (ν ) ≠ 0

δ hL (ν ) = 0

δ hL (ν ) = 0

δ hL ( µ ) = 0

δ hL ( µ ) ≠ 0

δ hL ( µ ) = 0

Coef.
Labour force equation
Constant
-9.3989***
excellent health
5.1042***
very good health
4.3435***
good health
3.2526***
fair health
1.9910***
age/5
-2.2584***
born overseas
0.1693
born non_En country
0.2234
indigenous
-0.7409
married
0.0842
child 0-14
-0.1935
married*child 0-14
0.4215
spouse in LF
1.5293***
degree
2.2247***
other post-sch qual
0.5206*
completed year 12
0.9803*
employ history/10
2.3581***
unemploy history
0.1462**
poor Eng
-0.0982
white collar 2
0.3111
blue collar
0.8452***
capital city
0.3707
own NL income/1000 -0.0600**
spouse income/1000
-0.0112

s.e.

Coef.

s.e.

1.0947
0.5326
0.4464
0.3866
0.3451
0.2409
0.3576
0.4918
1.2791
0.3061
0.7182
0.866
0.2268
0.451
0.2933
0.5802
0.2919
0.0602
2.8878
0.2711
0.2515
0.2591
0.0274
0.0562

-9.4657***
4.0963***
3.7398***
2.9413***
1.8596***
-2.4017***
0.1051
0.2185
-0.8285
0.0695
-0.1077
0.235
1.6797***
2.4377***
0.5702*
1.0782*
2.5321***
0.1463**
-0.2735
0.2863
0.7632***
0.4383
-0.0651**
-0.0091

1.1333
0.532
0.4306
0.3866
0.3344
0.2579
0.3741
0.5022
1.3364
0.3283
0.7126
0.8677
0.2391
0.485
0.299
0.6073
0.3057
0.0608
2.7926
0.2832
0.2621
0.2723
0.0258
0.06

-9.6248***
3.5917***
3.3821***
2.7007***
1.7221***
-2.5448***
0.1437
0.2246
-0.9662
0.0603
-0.0839
0.2117
1.7312***
2.5983***
0.6048**
1.1294*
2.6900***
0.1495**
-0.2507
0.2715
0.7764***
0.4641*
-0.0708**
-0.0064

1.1608
0.471
0.4018
0.38
0.3406
0.2606
0.3839
0.5186
1.3538
0.3297
0.7373
0.8915
0.2338
0.4703
0.3065
0.6341
0.3051
0.0628
2.8949
0.2855
0.2623
0.2768
0.0276
0.0512

δ L(µ )

0.9666

5.4618***

1.082

5.9359***

0.4701

4.9806***
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Coef.

s.e.

Table a1: Continued

Health Equation
age/5
indigenous
married
spouse in LF
degree
other post-sch qual
completed year 12
employ history/10
unemploy history
health condition
smoker
heavy drinker
lack physical activity
physical functioning
white collar 2
blue collar
capital city
own NL income/1000
spouse income/1000
cut_1 (A0)
cut_2 (A1)
cut_3 (A2)
cut_4 (A3)

δ h(µ )

δ hL (ν ) ≠ 0

δ hL (ν ) = 0

δ hL (ν ) = 0

δ hL ( µ ) = 0

δ hL ( µ ) ≠ 0

δ hL ( µ ) = 0

Coef.

s.e.

Coef.

s.e.

Coef.

s.e.

-0.1434
-0.6809*
-0.5367***
0.2306**
0.6054***
0.0665
0.1489
0.2573**
-0.0444
-0.9747***
-0.3626***
-0.0205
-0.4712***
0.3003***
-0.1776*
-0.2757**
0.0538
-0.0034
0.0178
-1.5622***
0.6837
2.7882***
5.0330***

0.0896
0.3839
0.1419
0.1086
0.1793
0.1344
0.2189
0.1219
0.0388
0.0844
0.1089
0.1667
0.1044
0.0149
0.1039
0.1159
0.1053
0.0209
0.019
0.4726
0.4754
0.4704
0.4677

-0.1403
-0.6585*
-0.5348***
0.2538**
0.5517***
0.0548
0.1293
0.2375*
-0.0477
-0.9943***
-0.3808***
-0.0142
-0.4819***
0.3048***
-0.2120**
-0.3294***
0.0568
-0.0021
0.0174
-1.6455***
0.5913
2.6939***
4.9593***

0.0902
0.3945
0.1433
0.1097
0.1803
0.1345
0.2173
0.1245
0.039
0.0856
0.1083
0.1705
0.1058
0.0151
0.1043
0.1177
0.1063
0.0197
0.0196
0.4812
0.4853
0.4796
0.4754

-0.1498*
-0.6727*
-0.5361***
0.2474**
0.5824***
0.0595
0.1393
0.2548**
-0.0474
-0.9716***
-0.3656***
-0.0038
-0.4811***
0.3017***
-0.2007*
-0.3128***
0.0585
-0.0025
0.0176
-1.5998***
0.6504
2.7585***
5.0267***

0.088
0.381
0.141
0.107
0.1779
0.1334
0.2149
0.1186
0.0386
0.084
0.1051
0.1671
0.1045
0.0146
0.103
0.1148
0.1047
0.0174
0.0181
0.46
0.4606
0.4557
0.4531

1.6143***

0.1483

1.6267*** 0.1491 1.6530***

0.1161

δ hL ( µ )
δ hL (ν )
log-likelihood

-0.3898
-0.5179***
-3030.70

0.2493

0.0921
-3040.00

-3040.1

***significant at 1%, ** 5% and * 10%.

37

Melbourne Institute Working Papers
Some recent Melbourne Institute working papers are listed below. A complete list of working papers in print and copies of
working papers are available from the Melbourne Institute.

1/04 Family Structure, Usual and Preferred Working Hours,
and Egalitarianism in Australia by Robert Drago,
Yi-Ping Tseng and Mark Wooden
2/04 Patterns of Trademarking Activity in Australia
by Paul H. Jensen and Elizabeth Webster
3/04 The Effects of Wealth and Income on Subjective WellBeing and Ill-Being by Bruce Headey and Mark Wooden
4/04 Health Status and Labour Force Participation: Evidence
from the HILDA Data by Lixin Cai and Guyonne Kalb
5/04 Moves to a Basic Income-Flat Tax System in Australia:
Implications for the Distribution of Income and Supply of
Labour by Rosanna Scutella
6/04 Demands for Childcare and Household Labour Supply in
Australia by Denise Doiron and Guyonne Kalb
7/04 Do Longer Working Hours Lead to More Workplace
Injuries? Evidence from Australian Industry-Level Panel
Data by Roger Wilkins
8/04 An Analysis of Durations on the Disability Support
Pension (DSP) Program by Lixin Cai
9/04 How Well Do Markov Switching Models Describe
Actual Business Cycles? The Case of Synchronization
by Penelope A. Smith and Peter M. Summers
10/04 Examining Biases in Measures of Firm Innovation
by Paul H. Jensen and Elizabeth Webster
11/04 Gender and Work Hours Transitions in Australia: Drop
Ceilings and Trap-Door Floors by Robert Drago,
David Black and Mark Wooden
12/04 The Structure and Distribution of Household Wealth in
Australia by Bruce Headey, Gary Marks and Mark Wooden
13/04 Job Search Success: Comparing Job Offer Rates In and
Out of Employment by Deborah Cobb-Clark, Paul Frijters
and Guyonne Kalb
14/04 Does ‘Work for the Dole’ Work?
by Jeff Borland and Yi-Ping Tseng
15/04 Money Doesn’t Buy Happiness … or Does It? A
Reconsideration Based on the Combined Effects of Wealth,
Income and Consumption by Bruce Headey, Ruud Muffels
and Mark Wooden
16/04 The Extent and Consequences of Underemployment in
Australia by Roger Wilkins
17/04 SMEs and Their Use of Intellectual Property Rights in
Australia by Paul H. Jensen and Elizabeth Webster
18/04 Local Knowledge Spillovers in the Indonesian
Manufacturing Industry by Bee Yan Aw and
Alfons Palangkaraya
19/04 Female Breadwinner Families: Their Existence,
Persistence and Sources by Robert Drago, David Black and
Mark Wooden
20/04 Effects of Recent Carrot-and-Stick Initiatives on Private
Health Insurance Coverage in Australia
by Alfons Palangkaraya and Jongsay Yong

21/04 Assessing Age Pension Options: Public Opinion in
Australia 1994–2001 with Comparisons to Finland and
Poland by M. D. R. Evans and Jonathan Kelley
22/04 Parental Divorce in Australia, Cohorts Born 1900–1975
by M. D. R. Evans and Jonathan Kelley
23/04 Trends in Women’s Labour Force Participation in
Australia: 1984–2002 by M. D. R. Evans and
Jonathan Kelley
24/04 Effect of Family Structure on Life Satisfaction:
Australian Evidence by M. D. R. Evans and Jonathan Kelley
25/04 Effects of Family of Origin on Women’s and Men’s
Workforce Involvement by M. D. R. Evans and
Jonathan Kelley
26/04 Accounting for Population Ageing in Tax
Microsimulation Modelling by Survey Reweighting
by Lixin Cai, John Creedy and Guyonne Kalb
27/04 The Determinants of Research and Development and
Intellectual Property Usage among Australian Companies,
1989 to 2002 by William Griffiths and Elizabeth Webster
28/04 Reforming the Labour Market for Australian Teachers
by Elizabeth Webster, Mark Wooden and Gary Marks
29/04 The Efficiency of Public Sector Outsourcing Contracts:
A Literature Review by Paul H. Jensen and
Robin E. Stonecash
30/04 How Big Was the Effect of Budget Consolidation on the
Australian Economy in the 1990s? by Lei Lei Song and
John Freebairn
31/04 Factors Affecting the Power of Patent Rights
by Paul H. Jensen and Elizabeth Webster
32/04 Confidence Intervals for Policy Reforms in Behavioural
Tax Microsimulation Modelling by John Creedy,
Guyonne Kalb and Hsein Kew
33/04 How Effective is “Lifetime Health Cover” in Raising
Private Health Insurance Coverage in Australia? An
Assessment Using regression Discontinuity
by Alfons Palangkaraya and Jongsay Yong
1/05 Contract Efficiency in the Presence of Demand and Cost
Uncertainty by Paul H. Jensen and Robin E. Stonecash
2/05 Behavioural Microsimulation Modelling for Tax
Policy Analysis in Australia: Experience and Prospects
by John Creedy and Guyonne Kalb
3/05 Transitions to Retirement: A Review
by Jeff Borland
4/05 The Effects on Firm Profits of the Stock of Intellectual
Property Rights by William E. Griffiths, Paul H. Jensen and
Elizabeth Webster
5/05 Patent Application Outcomes across the Trilateral Patent
Offices by Paul H. Jensen, Alfons Palangkaraya and
Elizabeth Webster
6/05 Determinants of International Patent Examination
Outcomes by Alfons Palangkaraya, Paul H. Jensen and
Elizabeth Webster
7/05 Preferred vs Actual Working Hours in Couple
Households by Yi-Ping Tseng and Mark Wooden
8/05 Experimental and Quasi-Experimental Methods of
Microeconomic Program and Policy Evaluation
by Jeff Borland, Yi-Ping Tseng and Roger Wilkins

