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1 Introduction

The relationship between an individuals’ socio-economic status and quality of health is im-

portant from a number of economic perspectives. For example, healthy workers are likely

to be more productive, for a variety of reasons, while private and public expenditures on

health care are likely to be lower than those for workers in poor health. Thus, for many

reasons, it is useful to understand the socio-economic determinants of an individual’s health

status. While many factors are likely to be important, one potential determinant which has

attracted substantial attention in the economics literature is the individual’s level of income.

The empirical relationship between income and health has been investigated through a vari-

ety of econometric techniques and in a number of settings (for example, cross-section studies

- Lindahl (2005) for Sweden, Etilé and Milcent (2006) for France; panel studies - Contoyannis

et al. (2004), Jones and Wildman (2008) and Carro and Traferri (2012) for the UK, Jones

and Schurer (2011) and Frijters et al. (2005) for Germany). However, despite this substan-

tial body of empirical work it appears, as first concluded by Deaton and Paxson (1998), that

the relationship is poorly understood. The empirical work subsequent to the Deaton and

Paxson paper does not appear to have altered the appropriateness of its conclusion.

One difficulty with evaluating the relationship between health and income is the measure-

ment of health status. Objective health measures are expensive to collect and those available

are often non representative of the population of interest due to the non random selection of

individuals into medical evaluations (Etilé and Milcent, 2006). As a result, many researchers

have used subjective self-assessed health measures. These are frequently considered capable

of capturing patterns in objective measures (see, for example, Idler and Benyamini, 1997;

Mackenbach et al., 2002; van Doorslaer and Gerdtham, 2003). However, the process of

self-assessment is likely to introduce an element of subjectivity into the responses and this

may create problems related to individual heterogeneity (see, for example, Etilé and Milcent,
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2006; Jones and Wildman, 2008; Jones and Schurer, 2011; Carro and Traferri, 2012). That

is, individuals may have different reference points due to social or cultural biases or individ-

ual differences. This may result in people with the identical health status, as measured by

objective criterion, providing very different self-assessments. Ideally, one would incorporate

this individual specific heterogeneity explicitly in the empirical investigation while adopting

a fairly unrestricted approach, such as fixed effects procedures. However, until recently this

has not been feasible as these subjective measures are generally binary or ordinal and the

appropriate econometric procedures associated with explaining such outcomes are not eas-

ily adapted to settings with time invariant individual specific heterogeneity. One popular

approach in the binary setting is to condition out the individual effects noting that this gen-

erally creates difficulties for identifying the marginal effects. An alternative methodology,

such as employed in Maurer, Klein and Vella (2011), is to model the unobserved individual

specific heterogeneity.

A second difficulty is the direction of causality (see, for example, Smith, 1999). While

there is evidence that income affects health (for example, Contoyannis et al., 2004; Fri-

jters et al., 2005; Lindahl, 2005; Jones and Wildman, 2008; Jones and Schurer, 2011; Carro

and Traferri, 2012), there is also empirical evidence that an individual’s health has an im-

pact on his/her socio-economic status (see, for example, Thomas and Strauss, 1997; Currie

and Madrian, 1999; Berhrman and Rosenzweig, 2004; and Black et al., 2007). The issue

of endogeneity also arises from the possibility that there are unobservable factors which

simultaneously influence both the health response and reported income. Accordingly, in

estimating the health/income relationship it is critical that adequate attention is paid to

endogeneity. However, endogeneity can be difficult to handle in this context. The ordinal

nature of the outcome variable typically means that the health outcome models are not ap-

propriately estimated by least squares methods, and this invalidates the use of instrumental

variables procedures. Moreover, the subjective nature of the outcome variable requires that
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one should account for the role of time invariant individual heterogeneity which is potentially

correlated with both health outcomes and the income measure.

In this paper we follow Carro and Traferri (2012) and employ recent advances in the non

linear fixed effects panel data literature to account for individual specific heterogeneity in

subjective health responses. While that paper focuses on dynamics in health assessment, we

focus on both time invariant and time varying endogeneity. We examine Australian data

noting that while several papers estimate an impact of health status on poverty, wages, and

labor force participation using Australian data (see, for example, Buddelmeyer and Cai, 2009;

Cai, 2007; Cai et al., 2008), we are not aware of any work which studies the impact of income

on self-assessed health in Australia. The following section provides a brief review of the

literature. Section 3 presents the empirical model and estimates a model which includes an

explicit role for time invariant individual heterogeneity. The section also examines the objects

of primary interest and comments on the role of unobserved heterogeneity in explaining the

observed distribution of health responses. Finally it extends the model to allow for time

varying endogeneity. Section 4 provides some discussion and Section 5 concludes.

2 Literature Review

Table 1 summarizes the results for a selection of studies which investigate the impact of

income on different measures of health status. They incorporate a range of data sets and a

variety of estimation and identification strategies. The notable conclusions are the following.

Lindahl (2005) identified the impact of income on health in a cross-sectional setting in Sweden

using lottery winnings as an exogenous source of variation. That paper reported that a 10

percent income increase improved a constructed health index by 4-5 percent of a standard

deviation and decreased the probability of dying within 5 or 10 years after the interview

by 2-3 percentage points. Etilé and Milcent (2006) studied the impact of income on self-
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assessed health in France and showed that there was a considerable individual heterogeneity

in health reporting depending on the individual’s level of income. The authors rejected the

hypothesis of homogenous correlations of income with different self-assessed status in favor

of heterogenous correlations. Several panel studies have explicitly addressed issues related

to individual specific heterogeneity. Meer et al. (2003) used the Panel Study of Income

Dynamics (PSID) to study the effect of income on the probability of being healthy in the

United States. The authors transformed self-reported health on a scale from 1 to 5 measure

of health into the dichotomous variable “healthy” which was equal to one if an individual

reported health status as excellent, very good or good. They found a small positive effect of

wealth on self-assessed health although this effect became statistically insignificant once the

endogeneity of wealth was accounted for. In their preferred specification an USD 250,000

increase in household wealth change lead to 2.2 percentage points increase in probability of

reporting excellent or good health from baseline probability of 81 percent. However, this

study did not address the problems arising from the presence of individual heterogeneity

inherent in health self-assessment. Contoyannis et al. (2004) used eight waves of British

Household Panel Survey (BHPS) 1991-1998 to estimate the impact of household income on

self-reported health using a dynamic ordered probit model with random individual specific

effects. They found that unobserved heterogeneity accounts for about 30 percent of the

self-reported health variation. Moreover, they found a positive and statistically significant

effect of income on self-reported health. Carro and Traferri (2012) employed 16 waves of the

BHPS 1991-2006 to estimate a dynamic ordered probit with individual fixed effects and fixed

effects in the cutoff points. They derived a modified MLE bias-corrected estimator with state

dependency. They found a small but statistically significant effect of income on self-assessed

health. Jones and Wildman (2008) used eleven waves of BHPS 1991-2001 to estimate the

impact of household income and relative household income on dichotomized measures of self-

assessed health. They controlled for individual heterogeneity by alternatively using random
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effects, Mundlak (1978) type correlated random effects and Hausman and Taylor (1981) style

instruments. The authors found that there was a strong positive relationship between self-

assessed health and income which was robust to different specifications, but the relationship

between health and relative deprivation (relative income) depended on the specification.

Frijters et al. (2005) and Jones and Schurer (2011) using German Socio-Economic Panel

(GSOEP) explicitly controlled for individual heterogeneity by applying conditional fixed

effects logit (see Rasch 1960 and Chamberlain 1980). They documented a very small impact

of household income on self-assessed health. For example, Frijters et al. (2005) found that

a one log point increase in income lead to only a 0.083 improvement in health satisfaction

of East German men and 0.067 improvement in health satisfaction of West German men.

They found a statistically significant effect of income on health. Jones and Schurer (2011)

looked at interaction of income and age categories and found that income was not statistically

significant for most age categories when controlling for individual-specific effects, but income

was associated with higher self-satisfaction at the lower end of the health distribution.

Ideally one would capture the presence of time invariant individual heterogeneity with

a fixed effects procedure. However, subjective assessments frequently result in ordinal out-

comes and estimating such models with fixed effects typically introduces an incidental pa-

rameter problem. For example, consider the following model:

H∗it = αi + βXit + uit (1)

Hit = f(H∗it) (2)

where H∗it is a latent subjective measure of individual i’s health at time t with observed

ordinal counterpart Hit noting that the mapping is determined by the censoring function

f(.); X denotes a vector of explanatory variables; β is a vector of unknown parameters; αi

is an individual specific fixed effect; and uit is an error term. In estimating this model one
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would ideally include individual specific intercepts which capture the individual specific het-

erogeneity and also allow the α to have some correlation with X. However, this requires that

one address the incidental parameter problem (see, for example, Neymann and Scott, 1948).

While this incidental parameter has been overcome via a variety of bias correction methods

(for a survey see Arellano and Hahn, 2007) such an approach, with the exception of Carro

and Traferri (2012), is not adopted in the studies outlined above. Many previous studies

adopt a random effects treatment of α which does not capture neither the subjectivity of the

responses nor the possibility that they are correlated with the elements of X. Some studies

employ “correlated random effects” but this requires a parameterization of the individual

effects. Other studies account for endogeneity via instrumental variables methods but this

requires ignoring the ordinal nature of the outcome.

One strand of the literature dichotomizes the ordinal variable and estimates the model

by the conditional fixed effects procedure of Rasch (1960) and Chamberlain (1980). As an

ordinal variable with more than two outcomes can be dichotomized in multiple ways, the

authors propose various ways of combining the multiple sets of estimates associated with

the various dichotomizations. One shortcoming with this methodology is that it does not

provide estimates of the individual effects as they are conditioned out. This reduces the

capacity to explore issues related to the estimation of marginal effects and the role of the

fixed effects themselves.

An important recent paper which employs fixed effects but retains the ordinal struc-

ture is Carro and Traferri (2012). That paper also introduces the added complication of

incorporating dynamics via a lagged dependent variable while allowing for fixed effects in

the separation points. Carro and Traferri (2012) paper is an important contribution in this

literature as it is the first to account for the ordinal nature of the health measure while

incorporating individual specific effects which are potentially correlated with the other ex-

planatory variables. Our paper contributes to the literature but the focus differs from that
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of Carro and Traferri. While their paper focuses on allowing for fixed effects when evaluating

the role of state dependence, our paper focuses on how the presence of fixed effects affects

the health income relationship. We also incorporate a role for time varying endogeneity in

addition to the fixed effects. Thus, our study provides evidence on a different dimension to

the work of Carro and Traferri (2012).

3 Empirical Model and Results

3.1 Data Description

We analyze data from the 2001-2008 waves of the Household, Income and Labour Dynamics

in Australia (HILDA) Survey. HILDA is a nationally representative household-based panel

study comprising 7,682 households (19,914 individuals) in the inception year. The survey be-

gan in 2001 and is conducted annually. It contains detailed demographic characteristics and

information on family structure, employment history, education, income, health, wellbeing,

attitudes and values. To construct a balanced panel, we restrict the sample to individuals

aged between 17 and 65 years in all periods who are in the labor force with non-missing age,

education and health variables.1 This reduces our sample to N=2,503 individuals.

The dependent variable of primary interest is the response to the question: “In general,

would you say your health is?” and the responses take the values from 1 to 5 with 1 being

poor, 2–fair, 3–good, 4–very good, 5–excellent.2 Table 2 reports the distribution of these

responses across the 8 time periods. The table indicates that very few report that they are

in very poor health and relatively few report that they are in fair health or excellent health.

The vast majority of the sample indicate that they are in good or very good health.

Around 88 percent of the sample reported some change in health status over the eight year

1The age requirement imposes the individuals must be aged between 17 and 57 years in the first period.
2In the questionnaire the scale is in reverse order 5 being poor, 4–fair, 3–good, 2–very good, 1–excellent.

We reversed the order to have “the more the better” interpretation of health status.
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period. These changes are likely to reflect, in part, changes in the values of the conditioning

variables that determine health status. However, approximately 12 percent provide the same

response over the 8 year period and this may reflect a substantial time invariant individual

component. This may also suggest an element of subjectivity in the individual’s response.

That is, the individual reports the same response irrespective of his/her health. The lack of

objectivity creates a bias in the absence of appropriate attempts to account for it, while the

time invariant objective evaluation will also lead to a bias when this evaluation is influenced

by the individual’s other explanatory variables.

Below we employ the jackknife bias correction method proposed by Hahn and Newey

(2004). The procedure estimates the parameters of the model over the full panel of 8 years

and then re-estimates the model 8 additional times where each time a different time period

is excluded. Identification of the model parameters requires specific variation in the data,

and excluding the observations which do not display this variation reduces the sample size

to 2,411 observations. Moreover, as small cell sizes can be problematic in discrete choice

estimation, we aggregate the lower two categories. This produces an outcome with four

values. This aggregation resulted in additional 55 observations which showed inadequate

variation, and excluding them this produces a balanced panel of 2,356 observations which

are distributed across outcomes as reported in Table 3. One might suspect that the reduction

in the sample size may result in some form of selection bias. This will not be an issue provided

that the form of the selection is time invariant as this will be captured by the fixed effects

procedure.

Tables 4-6 present summary statistics for the pooled sample and male and female sub-

samples. Men comprise 56 percent and women 44 percent of the final sample. The average

age in the sample is 42.41 years old and the average level of education is 13.78 years. Ninety

nine percent of the sample report being employed. An employed individual has the average

experience level of 25.92 years and has 8.58 years of tenure. Thirty two percent of employed
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people belong to a union. Tables 5-6 indicate that the summary statistics for men and women

are generally similar. The only individual characteristic which is significantly different across

gender is marital status with a higher proportion of men reporting that they are married.

While the employment rate seems high, the official unemployment rate in this period was

around 4 percent. This corresponds to the unemployment rate in the unbalanced panel for

these data. The unemployment rate decreases when we examine the balanced panel.

A critical aspect of our study is our measure of income. We employ real household

weekly income. This reflects the income available to the household and should capture

general economic welfare and is the measure typically employed in the empirical studies

discussed in section 2. Real household weekly income was constructed as a sum of wages,

pensions and other allowances, and income from business, dividends, interest or rent of all

members of household. The average real household income in the sample is equal to AUD

1,501 noting there is substantial variation across households. Table 7 reports the path of

real household weekly income of our sample over the sample period. The real household

income increased from AUD 1,315 in 2001 to AUD 1,599 in 2008. Mean household income

for the female subsample is around AUD 104 lower than that of male subsample. This seems

reasonable since we observe that wage income of women is lower than that of men, and

women in our sample are less likely to be married. Thus, if the wage represents a substantial

share of the household income, a female single household could be expected to have lower

household income than a male single household. The mean real hourly wage in 2005 prices

was AUD 25.34 (see Table 8 ). On average, men earned higher hourly wages than women,

AUD 26.84 vs. AUD 23.52 respectively, but women displayed more variation in wages (see

Tables 5-6).
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3.2 Estimating the Determinants of Health Status

In estimating the relationship between health and income we begin with previously used

modeling strategies. Write the model of primary interest as:

H∗it = βXit + θIit + uit (3)

Hit = f(H∗it) (4)

where H∗it is a latent measure of the individual’s health with observed ordinal counterpart

Hit determined by the censoring function f(.); Iit is a measure of income; X denotes a

vectors of explanatory variables including education, marital status, age, number of children,

gender, employment and location; β, θ and δ are unknown parameters; and uit is a normally

distributed iid error term. One can estimate the model by pooled ordered probit by assuming

there are no individual specific effects and the income variable, in addition to the other

explanatory variables, is exogenous. The associated log likelihood function is:

L =
T∑
t=1

N∑
i=1

J∑
j=1

Ditj {ln (Φ(µj + βXit + θIit)− Φ(µj−1 + βXit + θIit))}

where Φ denotes the cdf of the standard normal distribution; the µ′s are separation points

to be estimated; and the Ditj are indicator functions denoting that individual i responds

outcome j in time period t. Identification of the parameters does not require an individual

change categories within the sample period as there is no distinction between cross and

within individual variation. The standard errors are adjusted to account for having repeated

observations on the same individual.

The estimates from this model are shown in column 1 of Table 9 and a number of

features are worth noting. First, a number of variables are statistically significant. While

it is not possible to make general statements on the basis of the estimated signs of the
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coefficients (see Crawford et al., 1998), we can conclude that the probability of reporting the

highest (lowest) health status increases (decreases) with education level, being married and

being female. Not unexpectedly, the probability of reporting the highest (lowest) outcome

decreases (increases) with age. Second, there is a statistically significant relationship between

real household income and health status. Moreover, the evidence suggests that the highest

health outcome is associated with increasing income.

While ordered probit provides consistent estimates under the assumptions outlined above,

most empirical studies decompose the error term to reflect the panel nature of the data.

Ideally, one would allow for individual specific effects but the incorporation of such a feature

in this literature has been limited. Accordingly, we employ the approach which has generally

been used and decomposed the error as:

uit = αi + εit (5)

where the αi is assumed to be an individual specific time invariant error term and the εit

is an idiosyncratic term. By assuming that these components are each normally distributed

and mutually independent, with variances 1 and σ2
α respectively, we can estimate the model

by random effects ordered probit. The log likelihood function has the form:

L =

∫ ∞
−∞

T∑
t=1

N∑
i=1

J∑
j=1

Ditj {ln (Φ(µj + βXit + θIit + αi)− Φ(µj−1 + βXit + θIit + αi)) f(α)∂α}

where f(α) is the density of α which is integrated out in estimation. While the use of random

effects in this type of model is popular, it is again worth highlighting that the only benefit over

the pooled ordered probit estimates is an efficiency gain.3 The inclusion of the random effects

does not allow for individual heterogeneity in responses and does not allow for correlation

3The random effects ordered probit estimator does not require that individuals change categories in the
sample period for identification purposes.
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between the explanatory variables and the αi. The estimates are reported in column 2 of

Table 9. The results are generally similar to those in column 1 with respect to statistical

significance and sign. The magnitudes of the coefficients are not directly comparable across

specifications due to the respective normalizations imposed. The increase in efficiency does

not appear to occur and this may reflect that the assumptions of the model are not satisfied.

A difficult challenge here is accounting for individual specific heterogeneity in the inter-

pretation of the questions and the corresponding responses. Also, some of the explanatory

variables may be correlated with the individual specific time invariant error term. One way

to account for these concerns is to estimate the model by a fixed effects procedure. The

existing papers in this literature which have employed fixed effects procedures have used a

variety of strategies which involve dichotomizing the outcome variable and then employing

the Chamberlain conditional logit estimator. However this approach, in the absence of ad-

ditional assumptions, is uninformative with respect to the marginal effects which are clearly

the objects of primary interest. Rather than by-pass the incidental parameter problem by

dichotomizing the outcome of interest, we follow the example of Carro and Trafferi (2012)

and estimate the model, using the original characterization of the dependent variable, by

fixed effects ordered probit and bias adjust the estimates.

We estimate the following model which combines a number of the equations above:

Hit = f(βXit + θIit + αi + εit)

noting that we retain the assumption that εit is normally distributed but relax any distribu-

tional assumptions for the α′is. We also allow the αi to be correlated with the explanatory

variables. This is an important departure from the procedures generating the results in
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columns (1) and (2) of table 9. The log likelihood function is now:

L =
T∑
t=1

N∑
i=1

J∑
j=1

Ditj {ln(Φ(µj + βXit + θIit + αi)− Φ(µj−1 + βXit + θIit + αi))}

where the α′s are now parameters to be estimated. As the estimator acknowledges that there

are repeated observations on the same individual, and estimates a parameter to capture

this form of heterogeneity, it is unable to estimate the parameters of explanatory variables

which are time invariant. Moreover, it requires within individual variation in responses to

contribute to the estimation of the slope parameters. However, observations which are always

in the same category, provided they are not in either the lowest or highest, contribute to the

estimation of the separation points.

Column 3 of Table 9 reports the unadjusted fixed effects ordered probit estimates for

the slope parameters. Column 4 reports the corresponding Hahn and Newey bias corrected

estimates. The bias correction takes the form:

πa = Tπu − (T − 1)
T∑
t=1

πt
T

where π = [β : θ], where πu are the estimates in column (3) and the πt are the estimates

from estimating the model while omitting the tth panel. The covariance matrix is evaluated

at these bias corrected coefficients and is calculated using the Newton-Raphson method as

described in Greene (2001). We employ the Hahn and Newey jackknife procedure rather than

the analytical correction due to ease of implementation and on the basis of the simulation

evidence that suggests that it works well. Due to the stringent conditions it imposes on the

time series properties of the explanatory variables, we also employed the more flexible split

sample procedure of Dhaene and Jochmans (2010)For the models estimated in this section

of the paper the two methods provided almost identical results.4

4The split sample procedure requires breaking the sample in two and this can be problematic when T is
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Before contrasting the adjusted fixed effects estimates with the pooled and random effects

estimates, it is valuable to compare the biased and bias corrected estimates. In general,

the estimates are quite different and this is consistent with the simulation evidence in this

literature (see, for example, Hahn and Newey, 2004; Fernández-Val, 2009). The coefficient of

primary interest, namely that on the income variable, increases from -.0003 to -.0002 although

each estimate is within sampling error of the other. This description is also applicable to

the other slope coefficients noting that in this specification the only statistically significant

variable, at the conventional levels of testing, is the “number of children”.

Focus on the comparison of the biased adjusted fixed effects estimates with those in col-

umn (2) noting that the statistically significant estimate of ρ in the random effects estimates

indicates that these estimates are preferred over the pooled ordered probit estimates. How-

ever, before doing so, it is valuable to examine which of the fixed effects and the random

effects estimates should be preferred. Given the assumptions associated with the respective

models, it is possible to apply the Hausman (1978) testing framework. That is, under the null

hypotheses of the exogeneity of income and the normality of the individual components the

random effect estimator is consistent and efficient. However, if either of these assumptions is

violated the estimator is inconsistent. In contrast, the biased adjusted fixed estimator is not

efficient under the null hypothesis but consistent under the alternative. Thus we construct

a test of the form:

H =
(
πFEa − πRE

)′
V
(
πFEa − πRE

)−1 (
πFEa − πRE

)
where V

(
πFEa − πRE

)
is the difference in the estimated covariance matrices. The test value

of 60.62 indicates that the random effects specification is rejected in favor of the fixed effects

not large. While this was not an issue in the models where we adjusted only for time invariant endogeneity
it provided an unreasonable estimate in the next section of the paper due to one of the estimates of the
a slope parameter in one of the subsamples. For this reason we employ the Hahn and Newey adjustment
throughout the paper.
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model.

Consider the implications of preferring the fixed effects model over the random effects

specification. First, there is a difference in the magnitude of the effect of income on self

reported health. Second, the magnitude and statistical significance of the individual ef-

fects, which are not reported here, indicates a remarkable variation in the individual effects.

While we acknowledge that the fixed effects estimates are based only on 8 observations per

individual we further explore the magnitude of these effects in the following section.

Consider now the substantive implications of our results. The rejection of the random

effects and pooled specifications in favor of the fixed effects specifications has a number of

important implications. First, it appears that the statistical significance of many of the

variables in the first two columns of Table 9 which are time invariant simply reflects that

the model should have included fixed effects. While the coefficients on the time invariant

variables are unidentified in the fixed effects procedure, the Hausman test suggests that

the fixed effects characterization is more appropriate. While the test may also reflect that

some of the explanatory variables are also contaminated with time invariant endogeneity,

it is also likely that the individual specific fixed effect is more effective in capturing the

role of these time invariant explanatory variables. That is, the exclusion of the fixed effects

may, as they do here, result in the coefficients on these time invariant explanatory variables

displaying statistical significance when they are simply proxying the fixed effects. The same

appears to be true for variables which show little time variation. While the fixed effects

specification is identifying these effects from the deviation from individual mean behavior,

the other specifications employed here are also incorporating cross individual variation. The

evidence here suggests that the variation being exploited in the random effect and the pooled

models which are leading to the statistical significance is the variation across individuals.

The biased corrected estimates of the individual fixed effects are generally statistically

significant and the point estimates display a great deal of variation. While we delay a dis-
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cussion of the implications of these individual effects for the associated effects on conditional

probabilities, a number of points are worth raising here. First, the lack of movement across

the health outcomes, reflected in the earlier tables, indicates that a substantial proportion of

the variation across individuals’ reported health status, at any specific time, is likely to be

captured by the individual effect. In fact, the results here suggest that with the exception of

a weak “marital status” effect the only variable which influences the outcome is the number

of children. Second, it is clear that in the absence of the fixed effects, this substantial vari-

ation in the fixed effects will be somewhat captured by the included explanatory variables.

This would result, as it does here, with a conclusion which attributes too large of an effect to

a variable such as income. Finally, what do the ”large” individual effects reflect? In the case

of subjective health assessments it is possible that they are capturing a number of effects.

For example, they may simply reflect individual specific heterogeneity in the meaning of the

questions and the responses.

3.3 Marginal Effects

While the difference in estimates across specifications is enlightening, it is more important

to focus on the marginal effects associated with the various models. The objects of primary

interest are the conditional probabilities and how they change in response to changes in the

conditioning variables. These are reported in Table 10. The marginal effects indicate how

the probability of reporting certain health outcome changes with a change in income.

Before we report the marginal effects, we comment on how each has been calculated and

the assumptions underlying these calculations. First, define the probability of reporting a

certain health status m at time t for each individual i as gm(xitβ + αi) = P (yit = m|xit, αi).

Then we can calculate a marginal effect with respect to xk for each person at each time

period as:
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µmkit =
∂gm(xitβ + αi)

∂xkit
= g′m(xitβ + αi)βk.

To find an overall marginal effect with respect to xk, we take an average of all marginal

effects over individuals and time:

µmk =
1

NT

∑
i,t

µmkit.

Table 10 reports the average marginal effects for the various outcomes for changes in the

level of real household income. The marginal effects for the ordered probit model are straight-

forward to estimate as are those for the fixed effects estimates.5 However, the marginal effects

for the random effects ordered probit model require some treatment of the αi. Given the na-

ture of the random effects estimator, we integrate out the α. More explicitly, letting σ2
α = σ2,

we have αi|Xit ∼ N(0, σ2). Then:

P (yit|xit) =

∫ [
Φ
(cm − xitβ√

1 + σ2

)
− Φ

(cm−1 − xitβ√
1 + σ2

)]
f(α)dα =

= Φ
(cm − xitβ√

1 + σ2

)
− Φ

(cm−1 − xitβ√
1 + σ2

)
.

This gives an individual marginal effect of:

µmkit =
∂P (yit = m|xit)

∂xkit
=
βk
[
Φ′
(
cm−xitβ√

1+σ2

)
− Φ′

(
cm−1−xitβ√

1+σ2

)]
√

1 + σ2
.

Several features of this table of marginal effects are worth noting. First, the magnitude

of the average marginal effects is very small using all three approaches. For example, an

increase of real household income by AUD 100 is associated with only 0.05 percent decline in

5The marginal effects for the fixed effect model were biased adjusted using the Hahn and Newey correction

using the following formula µamk = Tµumk − (T − 1)
∑T
t=1

µt
mk

T where µumk are the marginal effects calculated
using the uncorrected estimates and µtmk are the marginal effects calculated from the uncorrected estimates
from estimating the model while omitting tth panel.
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the probability of reporting health status as poor or fair.6 Second, while the marginal effects

in the pooled and the random effects estimates are small, they are large, in absolute value,

in comparison to those associated with the fixed effects estimates. This further highlights

the importance of accounting for unobserved individual time invariant heterogeneity.

While the effects are very small, we acknowledge that they may simply reflect the small

change which is being imposed in the income level. We now examine how the probability

of self-reporting a certain health status changes as we move individuals along the income

distribution. More explicitly, we assign an individual his/her own characteristics but assign

them different levels of income. That is we compute β̂Xit+α̂i, where the α̂i
′s denote the fixed

effects estimates, and then add θ̂Ip where Ip is the value of income at the pth percentile of

the income distribution. We then calculate the individual probabilities of reporting a certain

health status based on this index and take the average over the individual probabilities. As

Table 11 shows, the probability of reporting any type of health status is almost invariant to

the individual’s location in the income distribution. We highlight that we do not conclude

from this evidence that income does not affect health. We do conclude, however, that income

does not appear to have anything beyond a negligible effect on subjective health assessments.

Given the model specification and the lack of statistical significance of the remaining

explanatory variables, it is valuable to explore what generates the variation in the observed

distribution of health responses. When some of the variation in the responses is due the

subjective interpretation of the responder, it is likely that this will be captured in the es-

timates of the individual fixed effects. While acknowledging that the estimate of the fixed

effects also capture other time invariant influences, it is nevertheless interesting to see the

impact of changing the value of the individual effect on the estimated probabilities of the

various health outcomes. This is done in Table 12. This table provides the predicted prob-

6While this appears a small change, it does represent about 8 percent of weekly income in 2001 and
around 7 percent in 2008.
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abilities by calculating the index β̂Xit + θ̂Iit, where the β̂ and the θ̂′s are the fixed effects

slope estimates, for each individual and then estimate the probability of self-reporting each

health status when the index is supplemented by values from the empirical distribution of

the individual fixed effects α̂P . We then average over individual probabilities. The results

are striking. For example, the probability of self-reporting the health status as a poor or fair

(y=1) evaluated at the average value of the explanatory variable index and the 5th percentile

of the individual fixed effects is 42 percent. Moving to the 10th percentile of the individual

fixed effects reduces the probability of reporting a poor or a fair health status to 25 percent.

Similar changes can be observed for the other probabilities. For example, the probability

of reporting an excellent health goes from almost zero percent at the 5th percentile to 0.2

percent at 25th percentile and to 14.5 at 75th percentile. A comparison of various other

entries in the table provides a similar conclusion.

The clear conclusion from an examination of these tables of predicted probabilities is

that the major determinant of the distribution of responses of health is the distribution of

the individual specific fixed effects. One component of the estimated individual fixed effect

will capture the socio-economic time invariant factors such as gender. However, there is

nothing in the pooled or random effects estimates which suggests this effect is dominating

the individual fixed effect. Another reasonable conclusion is that even in the absence of

subjective assessments, the health distribution is determined by factors which are simply

not captured in the data. However, note that this result would not necessarily be restricted

to this study as the variables we are including as explanatory variables are typical of what

are employed.

3.4 Time Varying Endogeneity of Income

We now employ two procedures which incorporate both time invariant and time varying

endogeneity of income. We do so to investigate whether our inability to detect an effect
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from income is due to the endogeneity of income through time varying heterogeneity. We

employ a random effects treatment proposed by Vella and Verbeek (1999) and the more

robust fixed effects procedure of Fernández-Val and Vella (2011). For both estimators we

supplement the health outcomes equation with a representation of the income process. The

model has the form:

Hit = f(βXit + θIit + uit)

Iit = δZit + vit (6)

where Z is a vector of explanatory variables which contains X and at least one additional

explanatory variables to ensure identification; δ are unknown parameters; and the vit are

unobserved error terms. We impose the following decomposition on the error terms:

uit = αi + εit

vit = θi + ηit (7)

where we assume that the αi and θi are individual specific time invariant terms and the

εit and ηit are idiosyncratic terms. We allow for a correlation across equations in the time

invariant components and we assume the idiosyncratic components are normally distributed

with potentially non zero correlation ρεη. Thus, the endogeneity of income now operates

through correlated time invariant components and correlated time varying components.

First, we assume the αi and θi are normally distributed random error terms. We then

follow Vella and Verbeek (1999) and estimate the income equations by random effects MLE

to get the parameters δ, σθ and ση. The following correction terms are then included as
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additional explanatory variables in the health status equation:

E[uit|vit, Xit] = τ1vit + τ2vi

where vi = T−1
∑T

t=1 vit and τ1 and τ2 are unknown parameters. This equation implies that

the conditional expectation of uit is a linear function of conditional expectation of vit. The

conditional expectation of vit is:

E[vit|Zit] =

∫
(θi + E[ηit|Zit, θi])f(θi|Zit)dθi

where f(θi|Zit) is the conditional density of θi and E[ηit|Zit, θi]) is a the cross-sectional gener-

alized residual from equation 6. In this particular setting the corrections are straightforward

to compute as they are functions of least squares type residuals. The main equation is then

estimated by random effects ordered probit.

This approach suffers from the criticism that the individual effects are independent of the

other explanatory variables. Accordingly, to remain in this fixed effects setting, we follow

Fernández-Val and Vella (2011). We relax the distributional assumptions for the individual

effects in the two equations and estimate the first step by fixed effects least squares. We

then compute the control function:

v̂it = Iit − δ̂Zit − θ̂i

and estimate the health status equation by fixed effects ordered probit.

The results from these estimation strategies are reported in Table 14. We use the same

income measure as above, but to ensure we had appropriate variables to include in the Zit

vector, our use of tenure, experience and union status variables reduced the sample of 2,138

due to missing values for these variables. The first step for the random effects and fixed
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effects procedures are reported in Table 13 along with the pooled OLS estimates.

The first step results, shown in Table 13, indicate that many of the proposed determinants

of income are statistically significant in the income equation when it is estimated by pooled

OLS or random effects. However, when the model is estimated by fixed effects the only

statistically significant effects are those operating through the experience profile and union

membership. Education has a statistically significant effect but it is very small in magnitude

and has the unexpected sign. Once again there is a very different story told by the two

different treatments of the individual effects.

The results for the health equation are provided in Table 14. We provide the pooled

ordered probit results, with and without correction terms, for comparison although we do

not focus on them. The results for the random effects estimation of the health equation

indicate there is no statistically significant role for income. The estimates of the coefficients

on the two control functions are statistically insignificant revealing no sign of endogeneity.

The bias corrected fixed effects estimates, provided in the final column of that table, produce

similar conclusions. That is, there is no effect from income on health and there is no evidence

of time varying endogeneity above that associated with that of the time invariant form.

4 Discussion

From our empirical evidence we now draw a number of conclusions and also consider their

implications. First, our results indicate that the more reasonable characterization of the

individual specific effects in this particular is that of fixed, rather than random, effects.

Given the subjective nature of the outcome variable, this is not a surprising result. What

is more surprising, however, is that the estimates impact of income on subjective health

assessments is very small, in terms of magnitude, but also statistically insignificant. In

contrast the estimated individual specific components, reflecting time invariant individual
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heterogeneity, as captured by our estimates of the individual fixed effects, are not only

important statistically but also important from a substantive viewpoint. That is, whereas

changing the income level appears to have very little impact on the probability distribution of

responses, changing the value of the individual fixed effect, by an amount which is consistent

with the data, has drastic changes on the probability distribution of the responses.

It is important to consider the implication of these results. First, consider the estimated

negligible income effect of income on health. This result is not entirely surprising given the

conclusion of Deaton and Paxson (1998) we discuss above and the literature review in Section

2. It appears that for developed countries the effect of income on health assessments is small.

This is not unreasonable. A more “controversial” finding is that it appears that none of the

other explanatory variables are statistically significantly and everything is explained by the

“fixed effect”. Note that the fixed effect captures not only the role of time invariant individual

specific unobserved heterogeneity but also time invariant individual specific factors. Thus,

in the fixed effects models considered here the role of the explanatory variables is identified

by the variation from the individual mean. However, it would appear that for the sample

considered here, it is possible that there is insufficient movement from the mean to capture

these effects. Alternatively, these variables do not have statistically significant relationship

with the dependent variable. It is also the case that the mean effect of the variables, such as

income, is captured in the individual effect. Accordingly, we explore what proportion of the

variation in the fixed effects across individuals can be explained by variation in the means

of the explanatory variables. This is explored in Table 15

In Table 15 we report the results from regressing the 2,356 estimates of the fixed effects

on the individual time invariant variables (column 1) and the individual time invariant

variables and the individual means for the time varying variables (column 2). The results

are essentially the same, so we will focus on the second column. Note that while the values

of the fixed effects at the various percentiles are shown in Table12, the mean is 1.61 and the
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standard deviation is 1.17. The minimum value is -1.41 and the maximum value is 4.53. A

number of interesting features are apparent from the table. Recalling that table 12 clearly

suggests that a higher fixed effect value is associated with a “better” health distribution, we

see that males generally have a lower fixed effect as do older people and people with a large

number of children. In contrast, higher fixed effects are associated with being married and

having more education. Note that all the effects of all these variables are small. There are

also statistically significant region effects with the most notable being associated with those

individuals living in the areas of Queensland located outside Brisbane. This effect is likely

to capture that individuals may be relocating in these areas as they age. Perhaps the most

interesting effect is the relationship between the fixed effect and income. As income enters

the model directly, it is difficult to give the coefficient a direct interpretation, but it is clear

that a large increase in income would result in a large increase in the fixed effect with the

implications for the health distribution implied in Table 12.

To explore how income might affect the responses through its impact on the fixed effect

we use our results from Table 12 to explore what increase is required in income to move

the individual effect from its value at the 5th percentile to the 25th percentile noting that

Table 12 indicated that this produced a drastic change in the distribution of response. Our

results indicate that the required change is AUD 13,175. Moreover, going from the 25th

percentile to the 50th percentile required AUD 12,425 and from the 50th to the 75th required

AUD 10,788. These results that the interpretation of the effect of income is somewhat

subtle. That is, the effect identified from the ”within individual” variation is essentially

zero. However, perhaps this could be interpreted as transitory income. In contrast the

changes in ”permanent income” captured by the component of the individual effect appears

to suggest that there is some role for income in determining subjective assessments of health.

However, it should be noted that the level of income which is required to generate a large

change in responses is very large.
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An important feature of Table 15 is the remarkably low R squared associated with the

two specifications. Even with the expanded set of regressors in column 2 the R squared is

5.6 percent. This indicates that while there is a statistically significant relationship between

the fixed effects and a number of the regressors, the regressors collectively explain very little

of the variation in the fixed effects. Thus, a high proportion of the fixed effects comprise

individual specific features which cannot be explained by the data. This may simply reflect

the subjective nature of the dependent variable which the fixed effects themselves are trying

to explain. However, irrespective of the interpretation of the fixed effects, it clearly highlights

the role of unobserved heterogeneity in this context.

The empirical evidence from accounting for both time varying and time invariant hetero-

geneity is less significant on its own but in partnership with the earlier evidence presents a

compelling picture. That is, the relationship between income and self-assessed health is very

tenuous. Moreover, the relationship does not appear to be strengthened when the potential

endogeneity of income is accounted for.

5 Conclusion

This paper investigates the impact of income on an individual’s subjective self-assessment

of their own health employing recently developed methods in the non linear panel data

literature to account for the endogeneity of income and the individual heterogeneity which

is potentially relevant to any outcome which is based on self-assessment. The results of the

paper are striking in that there appears to be no statistical relationship between income

and health responses, the implied impact of income on health is remarkably small. We

acknowledge that since our preferred model is estimated by fixed effects procedure our effects

from income are estimated from within individual variation. As this may reflect transitory

income it is perhaps not surprising that the effects are negligible. This is supported by the
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evidence that the permanent income levels, operating through income’s relationship with the

fixed effects, appear to have an impact, albeit small, on the subjective health responses.
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Author Country Health measure Years Method used Results 

Carro and Traferri 

(2012) 

UK Self-assessed health 

(3 categories) 

Panel 1991-2006 Panel approach: 

• dynamic - health measure in current period depends on health in the previous 

period;  

• ordered probit;  

• fixed individual effects;  
• fixed effects in cutoff points; 

• bias correction in the first order conditions. 

• There is a substantial positive state dependence in self-

assessed health even after controlling for unobserved 

heterogeneity; 

• Positive and significant effect of income on health; 

• Small magnitude of income marginal effects: the average 
marginal effects evaluated at different age and gender groups 

were never greater than 1.3 percentage points  

Contoyannis et 

al.(2004)  

UK  Self-assessed health 

(5 categories)  

Panel 1991-1998  Panel approach:  

• dynamic - health measure in current period depends on health in the previous 

period;  
• ordered probit;  

• random individual effects;  

• allowed for the correlation between observed regressors and individual 
effects by reparametrizing individual effect as a function of means of observed 

regressors  

• There is a substantial positive state dependence in self-

assessed health and unobserved permanent heterogeneity; 

• Positive and often significant effect of income on health  
• Permanent income (mean income) has a much greater 

impact on self-assessed health than transitory income (current 

income)  
 

Etile and Milcent 

(2006)  

France  Self-assessed health 

(6 categories);  
synthetic clinical 

measure of health  

Cross-section 

2001  

Cross-section approach:  

• employed ordered probit model for self-assessed health;  
• used clinical measure of health to decompose the effect of income on self-

assessed health into clinical health and heterogeneity bias.  

 

There is substantial income-related reporting heterogeneity in 

self-assessed measure of health:  
• income has a significant effect on subjective health through 

clinical health for individuals in the bottom of the income 

distribution who report poor health  
• income has a significant negative reporting effect on 

subjective health for the richest individuals reporting good 

health  
• individuals between medium labels of health (fair and good) 

are the most affected by the reporting heterogeneity 

  

Frijters et al.(2005)  Germany  Self-assessed health 

(10 categories)  

Panel 1984-2002  Panel approach:  

• Conditional fixed effects logit (Chamberlain 1980)  

• Control for income endogeneity by using unification of Germany as natural 
experiment  

• Income has a significant positive effect on health, but the 

magnitude of the effect is very small  

 

Jones and Schurer 

(2011)  

Germany  Self-assessed health 

(5 categories)  

Panel 1984-2005  Panel approach:  

• Conditional fixed effects logit (Chamberlain 1980)  

• Robustness checks: pooled ordered logit, random-effects logit  
• Income is interacted with several age groups  

 

• Find that imposing homogeneous relationship between 

income and health satisfaction is too restrictive  

• Controlling for individual specific characteristics decreases 
impact of income on health self-assessment  

 

Jones and 
Wildman (2008)  

UK  Dichotomized 
measure of self-

assessed health;  

Measure of 
psychological well-

being (score)  

Panel 1991-2001  Panel approach:  
• Include income and relative income in the regressors  

• Random effects  

• Robustness checks: correlate random effects with observed regressors 
(Mundlak 1978 and Hausman and Taylor 1981)  

• Robinson semi-parametric estimation of income effect  

• Positive significant effect of income on health, but small in 
magnitude;  

• Negative effect of relative deprivation on health, but the 

significance depends on specification  
 

Lindahl (2005)  Sweden  Standardized Index 

of Bad Health based 

on 48 self-reported 

questions about 
health symptoms;  

Mortality within five 

and ten years  

Panel 1968, 

1974, and 1981  

Cross-section approach:  

• OLS of health in 1981 on average income (including lottery winnings) 

between 1967 and 1981 and other covariates measured in 1968.  

• IV (2SLS) of the same specification as above where the instrument is average 
lottery winnings between 1969 and 1981  

10 percent in family income  

• improves health by 4-5 percent of a standard deviation  

• decreases the probability of dying by 2-3 percentage points  

 

Meer et al.(2003)  USA  Dichotomized 
measure of self-

assessed health  

Panel 1984, 
1989, 1994, 1999  

Panel approach:  
• Probit of health on change in household wealth, initial wealth, past health and 

other controls  

• Change in wealth is treated as endogenous, instrument – inheritance/ large 
gifts received within last five years  

• Does not control for individual heterogeneity  

• Find that the effect of change in wealth on health is small in 
the magnitude  

• Impact of change in wealth on health in the short run 

becomes insignificant if endogeneity of wealth is addressed  
• Do not rule out long term impact of wealth on health 

 

Table 1: Summary of the literature



Table 2: Distribution of health status by year
year/health status 1 2 3 4 5

2001 N 11 199 918 1,047 328
% 0.44 7.95 36.68 42 13.1

2002 N 17 192 893 1,075 326
% 0.68 7.67 35.68 43 13.02

2003 N 15 200 930 1,058 300
% 0.6 7.99 37.16 42.27 11.99

2004 N 15 215 924 1,046 303
% 0.6 8.59 36.92 41.79 12.11

2005 N 17 216 910 1,047 313
% 0.68 8.63 36.36 41.83 12.5

2006 N 19 204 907 1,055 318
% 0.76 8.15 36.24 42.15 12.7

2007 N 15 194 892 1,061 341
% 0.6 7.75 35.64 42.39 13.62

2008 N 11 216 916 1,005 355
% 0.44 8.63 36.6 40.15 14.18
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Table 3: Distribution of health status on the 1 to 4 scale by year: subsample
of individuals whose health status changed in categories 1 and 4 in the whole
sample and each 7-year subsample

year/health status 1 2 3 4
2001 N 156 917 1,045 238

% 6.62 38.92 44.35 10.1
2002 N 158 889 1,068 241

% 6.71 37.73 45.33 10.23
2003 N 165 925 1,056 210

% 7 39.26 44.82 8.91
2004 N 178 921 1,043 214

% 7.56 39.09 44.27 9.08
2005 N 181 907 1,044 224

% 7.68 38.5 44.31 9.51
2006 N 171 903 1,048 234

% 7.26 38.33 44.48 9.93
2007 N 160 885 1,057 254

% 6.79 37.56 44.86 10.78
2008 N 177 910 998 271

% 7.51 38.62 42.36 11.5
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Table 4: Summary statistics, pooled data: whole sample
Variable Obs Mean Std. Dev. Min Max
Weekly HH income, AUD in 2005 prices 18848 1501 1380 -13006 43354
Hourly individual wages, AUD in 2005 prices 15204 25.34 17.85 0.31 904.16
Male 18848 0.56 0.50 0 1
Married 18848 0.65 0.48 0 1
Age, years 18848 42.41 10.10 17 65
Education, years 18848 13.78 2.54 0 18
Number of kids 18848 0.99 1.17 0 8
Employed 18848 0.99 0.12 0 1
Experience, years 18552 25.92 10.27 0.08 51
Tenure, years 18579 8.58 8.52 0.02 50
Union 18848 0.33 0.47 0 1

Table 5: Summary statistics, pooled data: men
Variable N Mean Std. Dev. Min Max
Weekly HH income, AUD in 2005 prices 10512 1547 1232 -13006 23101
Hourly individual wages, AUD in 2005 prices 8357 26.84 18.27 0.31 904.16
Married 10512 0.70 0.46 0 1
Age, years 10512 42.39 9.95 17 65
Education, years 10512 13.85 2.42 0 18
Number of kids 10512 1.07 1.22 0 8
Employed 10512 0.98 0.12 0 1
Experience, years 10400 25.77 10.19 0.5 50
Tenure, years 10350 9.06 8.95 0.02 49
Union 10512 0.32 0.47 0.00 1
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Table 6: Summary statistics, pooled data: women
Variable N Mean Std. Dev. Min Max
Weekly HH income, AUD in 2005 prices 8336 1443 1546 -1739 43354
Hourly individual wages, AUD in 2005 prices 6847 23.52 17.15 0.53 816.40
Married 8336 0.59 0.49 0 1
Age, years 8336 42.44 10.29 17 65
Education, years 8336 13.68 2.69 0 18
Number of kids 8336 0.88 1.09 0 5
Employed 8336 0.99 0.11 0 1
Experience, years 8152 26.10 10.37 0.08 51
Tenure, years 8229 7.97 7.91 0.02 50
Union 8336 0.33 0.47 0.00 1

Table 7: Average weekly household income, AUD in 2005 prices
year women men all
2001 1263 1356 1315
2002 1407 1514 1467
2003 1400 1467 1438
2004 1417 1502 1465
2005 1502 1587 1550
2006 1512 1640 1584
2007 1531 1640 1592
2008 1510 1671 1599
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Table 8: Average individual hourly wages, AUD in 2005 prices
year women men all
2001 21.75 24.88 23.50
2002 22.23 25.16 23.83
2003 22.58 25.46 24.17
2004 22.90 25.68 24.43
2005 23.82 27.12 25.65
2006 24.08 27.68 26.03
2007 25.64 28.26 27.07
2008 25.07 30.49 28.07
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Table 9: Estimation results: income exogenous
Dep Var: Health (1-4) Pooled RE oprobit FE oprobit FE oprobit

oprobit no correction Hahn and Newey
(1) (2) (3) (4)

real hh income, hndrd AUD 0.003 0.002 -0.0002 -0.0003
(0.002) (0.001) (0.001) (0.001)

education 0.032 0.048 -0.008 -0.008
(0.007) (0.009) (0.019) (0.019)

married dummy 0.103 0.087 0.085 0.076
(0.037) (0.039) (0.050) (0.049)

age -0.010 -0.010 0.002 0.001
(0.002) (0.002) (0.004) (0.004)

number of children -0.009 0.031 0.045 0.040
(0.014) (0.015) (0.020) (0.019)

male dummy -0.147 -0.233
(0.034) (0.053)

employed 0.037 -0.088 -0.101 -0.107
(0.093) (0.086) (0.089) (0.087)

c1 1.376 2.287 2.062
(0.157) (0.025) (0.023)

c2 2.789 4.659 4.188
(0.158) (0.035) (0.031)

C1 -2.101
(0.192)

C2 -0.015
(0.191)

C3 2.132
(0.192)

rho 0.559
(0.009)

Region Yes Yes No No
Number of observations 2,356 2,356 2,356 2,356
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Table 10: Average marginal effects for real household income (hundred AUD)
ME Pooled Oprobit RE Oprobit FE Oprobit
µ̄1 -0.0005 -0.0002 0.00003

(0.0003) (0.0001) (0.0001)
µ̄2 -0.0009 -0.0003 0.00004

(0.0004) (0.0002) (0.0002)
µ̄3 0.0008 0.0003 -0.00003

(0.0005) (0.0002) (0.0001)
µ̄4 0.0006 0.0002 -0.00003

(0.0004) (0.0001) (0.0001)
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Table 12: Conditional probability of self-reported health status evaluated at dif-
ferent fixed effects percentiles

Percentiles/ αPth mean(P (y = 1| mean(P (y = 2| mean(P (y = 3| mean(P (y = 4|
probabilities (xitβ + αjth)) (xitβ + αjth)) (xitβ + αjth)) (xitβ + αjth))

5th 0.271 0.424 0.545 0.031 0.000
10th 0.763 0.247 0.668 0.085 0.000
15th 1.025 0.173 0.694 0.133 0.001
20th 1.158 0.141 0.695 0.163 0.001
25th 1.350 0.102 0.682 0.214 0.002
30th 1.569 0.069 0.647 0.281 0.004
35th 1.714 0.051 0.613 0.330 0.005
40th 1.944 0.031 0.546 0.412 0.010
45th 2.130 0.020 0.483 0.480 0.017
50th 2.344 0.012 0.407 0.553 0.028
55th 2.525 0.007 0.343 0.608 0.041
60th 2.693 0.005 0.286 0.651 0.058
65th 2.893 0.002 0.224 0.688 0.085
70th 3.050 0.002 0.181 0.705 0.113
75th 3.207 0.001 0.143 0.711 0.145
80th 3.419 0.000 0.101 0.700 0.199
85th 3.601 0.000 0.072 0.674 0.254
90th 3.951 0.000 0.035 0.588 0.377
95th 4.372 0.000 0.013 0.445 0.542
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Table 13: Estimation results: endogenous income, first stage
Dep var: HH real income, hndrd AUD Pooled RE FE

(1) (2) (3)
education 0.844 0.710 -0.121

(0.137) (0.081) (0.149)
married dummy 5.606 2.365 0.759

(0.475) (0.306) (0.358)
tenure 0.228 0.137 0.100

(0.052) (0.034) (0.035)
tenure2 -0.006 -0.004 -0.003

(0.002) (0.001) (0.001)
experience -0.018 0.036 0.274

(0.176) (0.062) (0.078)
experience2 0.001 0.003 0.002

(0.004) (0.001) (0.001)
union 0.020 0.880 1.180

(0.372) (0.242) (0.262)
male dummy 0.354 0.782

(0.501) (0.486)
σu 10.671
σe 8.021
ρ 0.639
Region Yes Yes No
Number of observations 2,138 2,138 2,138
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Table 15: Estimation results: regression of FE estimates on independent variables
VARIABLES FEhat FEhat

(1) (2)
male dummy -0.207*** -0.218***

(0.051) (0.051)
balance of NSW -0.195* -0.112

(0.100) (0.099)
Melbourne -0.044 -0.057

(0.091) (0.089)
balance of Victoria -0.075 0.044

(0.118) (0.117)
Brisbane -0.155 -0.103

(0.109) (0.107)
balance of QLD -0.370*** -0.295***

(0.103) (0.102)
Adelaide -0.228* -0.156

(0.124) (0.122)
balance of SA -0.325** -0.255

(0.161) (0.159)
Perth -0.036 -0.014

(0.118) (0.116)
Balance of WA -0.312* -0.177

(0.175) (0.173)
Tasmania -0.275* -0.220

(0.163) (0.160)
Northern Territory -0.259 -0.201

(0.282) (0.278)
ACT 0.101 0.066

(0.191) (0.187)
years of education 0.054***

(0.010)
married dummy 0.094

(0.068)
age -0.017***

(0.003)
real hh income, hndrd AUD 0.008***

(0.002)
number of kids -0.070***

(0.026)
employment dummy 0.638

(0.418)
Constant 2.566*** 1.774***

(0.074) (0.451)
Observations 2,356 2,356

R-squared 0.017 0.056
Note: Standard errors in parentheses, ∗∗∗p < 0.01,∗∗ p <
0.05,∗ p < 0.1.
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