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Abstract  
We provide novel evidence on the effects of ill-health on the dynamics of labour state transitions by considering 
retirement as mobility between full-time work, part-time work, self-employment and inactivity. We employ a 
dynamic multi-state model which accounts for state-dependence and different types of unobservables. Our model 
allows for both individual heterogeneity and labour-state gravity, as well as correlations between labour market 
states. We estimate this model on rich longitudinal data from the Household, Income and Labour Dynamics in 
Australia survey. We find that both ill-health and health shocks greatly increase the probability of leaving full-
time employment and moving into inactivity. Simulated dynamic trajectories suggest larger impacts of long-
term health conditions than those of a one-off health shock as well as some evidence of health-driven retirement 
pathways via part-time work and self-employment. Our findings also indicate that the effects of health changes 
could be under-estimated and the magnitude of true labour market state dependence over-estimated if individual 
effects or labour dynamic transitions are not accounted for in the model. 
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1. Introduction 

An ageing population poses a threat and a fundamental burden to the sustainability of any 

social security system (Bloom et al., 2010; Gruber and Wise, 2009). This demographic 

change, combined with the generosity of pension systems and disability benefit schemes in 

the majority of developed economies, also has profound consequences for the labour markets 

(Börsch‐Supan, 2003; D’Addio et al., 2010; ILO, 2016). According to the United Nations 

(2017), the global population aged 60 years or over in 2017 more than doubled since 1980 

and is predicted to double again by 2050. In Australia, a country with one of the longest life 

expectancies in the world (OECD, 2016), the number of working age people between 15 and 

64 years for every person aged 65 or over has fallen from 7.3 people in 1974-75 to 4.5 people 

in 2015. By 2054-55, this proportion is projected to be nearly halved again to 2.7 people 

(Commonwealth of Australia, 2015). Early exits from the labour market and increased 

fragmentation of individuals’ labour market trajectories also highlight the need for re-

examining the determinants of individuals’ labour market choices, particularly in the later part 

of the life-cycle. Thus, identification of both determinants and trajectories of labour transitions 

at older ages would allow governments and policy makers to formulate policies to avoid the 

loss of contribution from a potentially active labour force. Importantly, although the literature 

has established that ill-health is strongly associated with labour market decisions, including 

retirement choices (e.g. Disney et al., 2006; Lindeboom and Kerkhofs, 2009; Lindeboom, 

2012; Blundell et al., 2016), multiple health-driven pathways into retirement need to be 

considered to fully capture the complexity of the labour market transitions of older workers.  

 

The main objective of this paper is to explore the effects of ill-health and health shocks on 

individuals’ labour market transitions of older workers by employing a highly flexible 

dynamic multi-state panel data model with several novel features. More specifically, we 

consider retirement as a multi-state process and examine the effects of health and health 

shocks on the mobility between full-time employment, part-time employment, self-

employment and inactivity, using a dynamic DOGIT (Gaudry and Dagenais, 1979) Ordered 

Generalized Extreme Value (DOGEV) model (Fry and Harris, 2005). This model extends the 

conventional Multinomial Logit (MNL) model to further allow for the error terms of the 

utilities of some of the choices to be correlated, relaxing the undesirable Independence of 

Irrelevant Alternatives (IIA) restrictions, whilst still being computationally much simpler than 

alternative models such as the Multinomial Probit (MNP). Our specification also jointly 
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accounts for labour market state-dependence, individual-level unobserved heterogeneity, 

gravity to particular labour states due to choice heterogeneity, as well as potential endogeneity 

of self-reported health. In this way, we can more precisely distinguish between the effects of 

past employment experience, health and other key observable characteristics as well as further 

unobservable individual and choice-specific effects on employment behaviour. We estimate 

this model using a sample of older individuals drawn from the first thirteen waves (2001-

2013) of the Household, Income and Labour Dynamics in Australia Survey (HILDA; Watson 

and Wooden, 2012). Given its wealth of both health and work-related variables, HILDA is 

uniquely suited to study the relationship between health and labour supply.   

 

Our analysis is motivated by the fact that retirement often involves multi-states, and many 

older workers only partially retire initially (for example, Ruhm, 1990, 1992; Peracchi and 

Welch, 1994; Doeringer, 1995; Jimenez-Martin et al., 2006). Individuals frequently re-enter 

the labour force after an initial exit or move from a full-time job as an employee to a part-time 

job, self-employment or disability pension before becoming permanently inactive (for 

example, Kerkhofs et al., 1999; Bruce et al., 2000; Blundell et al., 2002). In addition, in the 

majority of the OECD countries, a large proportion of the self-employed consists of middle-

aged or older workers (Blanchflower, 2000; Gu, 2009). With the onset of ill-health, self-

employment may provide a more flexible and accommodating work environment for older 

workers as a route leading to permanent retirement. However, empirical evidence on the 

direction of the effect of health on self-employment is limited and inconclusive and it has 

been difficult to establish whether ill-health is a “push” or “pull” factor in the decision to enter 

self-employment. 2  Finally, studies on Australian data conclude that ill-health and health 

shocks are important determinants of labour market exits (e.g. Cai and Kalb, 2006; Zhang et 

al., 2009) and that work disability and its severity can also explain changes in labour force 

decisions inside the Australian labour market (Oguzoglu, 2011). However, earlier studies 

including those using Australian data, did not consider all possible health-driven paths such 

as full-time, part-time, self-employment and inactivity in a panel data context.3 

                                                 
2 Using longitudinal data from the US Retirement History Study, Fuchs (1982) found no impact of health on 
transitions to self-employment. Estimates produced by employing data from the British Retirement Study indicate 
a negative effect of ill-health on participation to self-employment (Parker and Rougier, 2007). Furthermore, using 
panel data from the US Health and Retirement Study (HRS), Zissimopoulos and Karoly (2007) find that the 
likelihood of moving to self-employment increases by 47 and 30 percentage points for men and women, 
respectively, with a health condition which limits their work relative to their respective counterparts without a 
work-limiting health condition. 
3 Furthermore, trends of rising self-employment among older workers are especially marked in Australia, where 
the median age of all business owner managers (48 years) is ten years more than that of employees. And between 
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Another important aspect of labour market decision is its dynamic nature. Whilst most studies 

on the relationship between health and labour market decisions involve only cross-sectional 

data, the availability of panel data allows for separate identification of true state dependence 

and labour market persistence due to time-invariant individual heterogeneity (Heckman, 

1981; Hsiao, 2014). Examples of dynamic panel models for binary as well as multiple labour 

market outcomes include Hyslop (1999); Knights et al. (2002); Haan (2010); Buddelmeyer 

and Wooden (2011); and Damrongplasit, et al (2019). Invariably, they all find true state 

dependence. However, none of these studies focused on older workers and their multi-state 

labour market transitions, allowing for both true state dependence and individual 

heterogeneity as well as labour state-specific effects. Clearly, correct dynamic specification 

with two separate sources of labour market persistence allows for health shocks to have a 

long-lasting effect via habit formation as well as for comparison of the impact of health with 

that of state dependence. 

 

Finally, while there are common characteristics in individuals’ retirement decisions across 

developed countries, differences in healthcare payment systems and health insurance settings 

imply that the relationship between health and labour market decisions may differ across 

countries. For example, in the United States, an individual’s labour market decisions can have 

a significant impact on his/her healthcare costs, especially in the presence of an adverse health 

shock, as health insurance is linked with one’s employment. On the other hand, whilst 

Australia has a universal public healthcare cover for all (Medicare), 50% of the population 

purchased private health insurance to have dental and aligned healthcare cover as well as more 

timely elective care.  Neither cover is associated with work status, so Australia is observed as 

among the highest rates of disability pensions for the 60-64 year group among developed 

countries even though it does not have a mandatory retirement age (Blundell, et al. 2016).4  

 

This paper offers several important contributions to the literature. Firstly, the proposed 

dynamic model allows for the examination of older workers’ routes into inactivity via part-

                                                 
2006-2016, the proportion of owner managers of businesses aged 65 and over nearly doubled, reaching around 10 
percent (Australian Bureau of Statistics, 2016). Data also indicate that in recent years there has been an increase 
in the proportion of individuals working part-time, especially among those aged 55 years old or plus (Cassidy and 
Parsons, 2017). These figures suggest the presence of part-time and self-employment routes into retirement. 
4 Australia has a publicly funded universal healthcare system for all Australian citizens and permanent residents 
called Medicare. For further information on Medicare and private health insurance in Australia, see 
https://www.humanservices.gov.au/individuals/medicare [last accessed on 29/01/2020]. 

https://www.humanservices.gov.au/individuals/medicare
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time and self-employment trajectories, specifically within a labour market currently 

experiencing increasing trends of part-time and self-employment among older individuals 

(Australian Bureau of Statistics, 2016). This contributes directly to the limited literature 

concerning health and older workers’ multi-state labour market transitions, which still 

presents mixed findings and does not often account for dynamic transitions. Secondly, unlike 

earlier approaches, our model simultaneously allows for time-invariant (via individual 

random effects) and time-variant (via idiosyncratic errors) unobservable correlations across 

labour market states for the same individuals. Indeed, we do find statistical significance for 

both correlations, and show that ignoring these could lead to very different findings and policy 

recommendations. Thirdly, our dynamic model separately estimates true state dependence and 

individual effects for all labour states. We show that the health effect can be under-estimated 

and the state dependence can be over-estimated without accounting for labour dynamic effects 

or individual effects. Fourthly, we further illustrate our dynamic panel models by simulating 

the effects of health change scenarios and predicting the dynamic probability pathways for all 

four labour market states. These simulations illustrate the long lasting health-driven labour 

market trajectory. Additionally, a key element of our research is the handling of the health 

variables. We distinguish between gradual (health stock and long-term conditions) and sudden 

health deterioration (health shocks), as information on the incidence of unexpected health 

shock is available in the data and could help easing potential endogeneity concerns. Following 

the literature (e.g., Bound, 1991; Brown et al., 2010; Jones et al., 2010), we also account for 

potential measurement error in self-assessed health (SAH) status by building a latent health 

stock model.  

 

2. Econometric framework  

We propose a dynamic multi-state model to explore the relationship between health and 

labour state transitions among older individuals. This is a reduced-form dynamic model 

specifically aimed at examining health-driven part-time and self-employment pathways into 

economic inactivity. While structural modelling could be a valuable alternative approach, it 

would require more data than available for a credible identification. Importantly, structural 

models of labour supply would typically only allow for a limited number of pathways into 

retirement/inactivity (Blundell et al., 2016).5 Since our main objective is to precisely explore 

                                                 
5 For a recent and comprehensive review of structural models of retirement, see Blundell et al. (2016).  
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a multiplicity of health-driven paths into inactivity, we choose to estimate a more flexible 

reduced-form model. 

 

2.1 A dynamic multi-state model for labour transitions  

We focus our attention on the effect of health on choice between j = 1 to J = 4 alternative 

labour market states: full-time employment (j=1); part-time employment (j=2); self-

employment (j=3); and inactivity (j=4). As an individual’s choice is characterised by a set of 

discrete, unordered and mutually exclusive outcomes over different time periods, we describe 

labour transitions using panel data dynamic multinomial models (with unobserved effects). 

We assume a first-order Markov process to capture state-dependence and unobserved 

individual effect(s) to account for unobserved heterogeneity in order to distinguish between 

true and “spurious” state dependence. A useful starting point is the multinomial logit (MNL) 

model, which is consistent with the notion of the Random Utility Maximisation assumption 

of consumer behaviour (Greene, 2003), where each labour market outcome is associated with 

a given level of utility. As is common, assume the utility for individual i from choosing labour 

state j in period t, Vijt, is given by:    

 

𝑉𝑉𝑖𝑖𝑖𝑖𝑖𝑖 = 𝑋𝑋𝑖𝑖𝑖𝑖𝛽𝛽𝑗𝑗 + 𝐻𝐻𝑖𝑖𝑖𝑖−1𝜒𝜒𝑗𝑗 + 𝐿𝐿𝑖𝑖𝑖𝑖−1𝜙𝜙𝑗𝑗 + 𝜆𝜆𝑡𝑡 + 𝛼𝛼𝑖𝑖𝑖𝑖 + 𝜀𝜀𝑖𝑖𝑖𝑖𝑖𝑖 (𝑖𝑖 = 1, … ,𝑁𝑁; 𝑗𝑗 = 1, … 𝐽𝐽; 𝑡𝑡 = 1, …𝑇𝑇) (1) 

 

where 𝑋𝑋𝑖𝑖𝑖𝑖 and 𝐻𝐻𝑖𝑖𝑖𝑖−1 are (row) vectors containing individual observed characteristics in period 

 and  respectively, with unknown weights, 𝛽𝛽𝑗𝑗  and 𝜒𝜒𝑗𝑗 . Current period regressors 𝑋𝑋𝑖𝑖𝑖𝑖 

contain constant, age, education, geographical origin, and a dummy variable for living in an 

inner or remote region, and these are assumed to affect the labour state in the same time period.  

Individual characteristics in 𝐻𝐻𝑖𝑖𝑖𝑖−1 include health, marital status, household income, housing 

tenure, and having own dependent children. These are assumed to affect labour market 

decisions in lagged form, which also help easing any potential problems of endogeneity. More 

specifically, these characteristics are lagged one period to reduce concerns around the 

potential simultaneity between health and employment (Lindeboom, 2012); to help 

disentangling the interdependence between marital status, the presence of dependent children 

and labour supply decisions, especially among women (Blundell et al., 20016; van der 

Klaauw, 1996); and to better account for the well-established roles of income and wealth in 

determining retirement behaviour (French, 2005). Furthermore, lagged values of the 

individual characteristics mentioned above are potentially more informative than current 

t 1−t
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values in a model of labour supply, as it is reasonable to assume that individuals may take 

time to adjust to changes to these conditions, e.g. between good health and a work-limiting 

health condition. 𝐿𝐿𝑖𝑖𝑖𝑖−1 = (𝐿𝐿2𝑖𝑖𝑖𝑖−1, 𝐿𝐿3𝑖𝑖𝑖𝑖−1, … , 𝐿𝐿𝐽𝐽𝐽𝐽𝐽𝐽−1)  is a vector of (J-1) binary dummy 

variables indicating lagged labour market states with parameter vector 𝜙𝜙𝑗𝑗, with 𝐿𝐿𝑗𝑗𝑗𝑗𝑗𝑗−1 = 1 if 

individual i at time (t-1) chooses labour state j, and 𝐿𝐿𝑗𝑗𝑗𝑗𝑗𝑗−1 = 0 otherwise.6 Individual-specific 

time-invariant unobserved heterogeneity is represented by 𝛼𝛼𝑖𝑖𝑖𝑖  and is allowed to vary by 

labour state j.  It is the joint inclusion of both the lagged labour state indicators and the 

unobserved effects that allows us to distinguish between state dependence versus unobserved 

heterogeneity (Arulampalam, 2000). 𝜀𝜀𝑖𝑖𝑖𝑖𝑖𝑖  is the idiosyncratic error term, assumed to be 

independent of the regressors and 𝛼𝛼𝑖𝑖𝑖𝑖. Again, as is usual, we assume that at each time period 

an individual will choose the labour market state with the highest utility. That is, 𝐿𝐿𝑗𝑗𝑗𝑗𝑗𝑗 = 1  if 

 for all 𝑗𝑗 ≠ 𝑘𝑘 (𝑗𝑗,𝑘𝑘 = 1, … , 𝐽𝐽). Finally, 𝜆𝜆𝑡𝑡 represents year fixed effects and contains 

T-1 year dummies to capture any macroeconomic demand-side factors for individual years. 

All variables used are defined and summarised in Tables 1 and 2. 

 

We consider a random effect model, but rather than assuming independence between 

individual effects and all exogenous covariates, we follow Mundlak (1978), Chamberlain 

(1985) and Wooldridge (2005) to link the individual effect 𝛼𝛼𝑖𝑖𝑖𝑖 to the initial labour condition 

and its random component as: 

 

𝛼𝛼𝑖𝑖𝑖𝑖 = 𝐿𝐿𝑖𝑖1𝜗𝜗𝑗𝑗 + 𝑃𝑃𝑃𝑃����𝑖𝑖𝜂𝜂𝑗𝑗 + 𝜇𝜇𝑖𝑖𝑖𝑖   (𝑖𝑖 = 1, …𝑁𝑁; 𝑗𝑗 = 1 … 𝐽𝐽),                                                             (2) 
 

where 𝐿𝐿𝑖𝑖1 is a vector for the J-1 values of the employment status variables in the initial period 

(t =1), 
 
𝑃𝑃𝑃𝑃����𝑖𝑖 is the average of any time-varying exogenous variables (including both 𝑋𝑋𝑖𝑖𝑖𝑖 and 

𝐻𝐻𝑖𝑖𝑖𝑖−1), and 𝜇𝜇𝑖𝑖𝑖𝑖 is the unobservable component of the individual random effects. Note that this 

simply translates into including among our regressors dummy variables for the initial values 

of the dependent variables and the average over the sample period of the observations for the 

                                                 
6 The inclusion of one lagged labour states should not be too restrictive in this case for two main reasons. First, 
previous employment history should affect current labour states via one-lagged labour states. Secondly, labour 
state interdependencies are often stronger within short-term horizons (e.g. Prowse, 2012). Additionally, earlier 
versions of our models included a variable based on the number of years of tenure with the current employer – 
this variable did not appear to be statistically significant; estimates are available upon request. 

ijt iktV V≥
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exogenous variables. Note also that this approach addresses the initial conditions problem. 

The initial conditions problem arises whenever the observation period of transition 

probabilities does not start with the stochastic process generating individual’s employment 

dynamics (Heckman, 1981). Here our approach does not assume that the initial labour states 

𝐿𝐿𝑖𝑖1 is non-random or uncorrelated with individual effects; in fact, both of them are allowed to 

be arbitrarily correlated with the observed regressors.  

 

Note also that with this specification, choice fixed effects common for all individuals (or 

individual-specific choice effects) are modelled with the intercepts 𝛽𝛽0𝑗𝑗  in 𝛽𝛽𝑗𝑗  and choice-

specific individual effects are modelled by 𝛼𝛼𝑖𝑖𝑖𝑖. On the assumption that the 𝜀𝜀𝑖𝑖𝑖𝑖𝑖𝑖 independently 

and identically follow a Type I Extreme Value distribution, and conditional on 𝜇𝜇𝑖𝑖𝑖𝑖 individual 

random effects, the probability of an individual  choosing alternative j in period t is given 

by:  

𝑃𝑃𝑖𝑖𝑖𝑖𝑖𝑖 = 𝑃𝑃�𝐿𝐿𝑗𝑗𝑗𝑗𝑗𝑗 = 1�𝑋𝑋𝑖𝑖𝑖𝑖,𝐻𝐻𝑖𝑖𝑖𝑖−1,𝑍𝑍𝑖𝑖𝑖𝑖−1,𝜇𝜇𝑖𝑖1, … ,𝜇𝜇𝑖𝑖𝑖𝑖� =  

                                                                       exp (𝑋𝑋𝑖𝑖𝑖𝑖𝛽𝛽𝑗𝑗+𝐻𝐻𝑖𝑖𝑖𝑖−1𝜒𝜒𝑗𝑗+𝐿𝐿𝑖𝑖𝑖𝑖−1𝜙𝜙𝑗𝑗+𝜆𝜆𝑡𝑡 +𝐿𝐿1𝑖𝑖𝜗𝜗𝑗𝑗+𝑃𝑃𝑃𝑃����𝑖𝑖𝜂𝜂𝑗𝑗+𝜇𝜇𝑖𝑖𝑖𝑖)

∑ exp (𝐽𝐽
𝑘𝑘=1 𝑋𝑋𝑖𝑖𝑖𝑖𝛽𝛽𝑘𝑘+𝐻𝐻𝑖𝑖𝑖𝑖−1𝜒𝜒𝑘𝑘+𝐿𝐿𝑖𝑖𝑖𝑖−1𝜙𝜙𝑘𝑘+𝜆𝜆𝑡𝑡+𝐿𝐿1𝑖𝑖𝜗𝜗𝑘𝑘+𝑃𝑃𝑃𝑃����𝑖𝑖𝜂𝜂𝑘𝑘+𝜇𝜇𝑖𝑖𝑖𝑖)

.  (3) 

 

For identification purposes, all coefficients for the first category (j=1, for full-time 

employment in our case) and its unobserved heterogeneity term in equation (3) are set to zero. 

As is common in the literature, a distributional form can be assigned to 𝜇𝜇𝑖𝑖𝑖𝑖 in order to integrate 

out the unobserved heterogeneity. Here we assume that the unobserved heterogeneity 𝜇𝜇𝑖𝑖𝑖𝑖 for 

the J-1 remaining choices follows a multivariate normal distribution with zero mean and a J-

1 dimension variance-covariance matrix, and independent of all the covariates, the initial 

conditions and the idiosyncratic error term (𝜀𝜀𝑖𝑖𝑖𝑖𝑖𝑖).7 The sample likelihood for the multinomial 

logit with random effects is: 

                                                 
7 Although the distributional assumption depends on the research question, in most applications unobserved 
heterogeneity is specified to be normally distributed. For a detailed explanation, see Train (2003).  

i
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Expression (4) cannot be solved analytically (due to the presence of the unobserved effects) 

and is approximated using simulated maximum likelihood methods (Train, 2003). The 

simulated sample likelihood is given by:  

 

 
 

where R values are drawn from the assumed (multivariate normal) distribution of the 

unobserved heterogeneity. For each of these draws the likelihood is calculated and then 

averaged over the R draws.8 

 

 2.2 Extending the framework to allow for correlations and gravity 

As stated, the basic model as it stands is essentially a MNL one of the form: 

 

Standard MNL models are computationally tractable and easy to estimate. However, they also 

impose a series of undesirable restrictions, which translate into strong behavioural 

assumptions. Ideally, researchers would want to model the effects of ill-health on labour states 

transitions by employing a more flexible random utility-consistent discrete-choice model. For 

this reason, we build on recent advances concerning the family of McFadden’s Generalized 

Extreme Value (GEV) models (McFadden, 1978) and propose a dynamic panel data 

specification of the infrequently used DOGEV model.  

 

A major drawback of the MNL approach is that the idiosyncratic error terms are assumed to 

be independent. Especially with regard to an empirical model of labour supply, there are 

                                                 
8 Models are estimated using user-written Gauss code; available on request from the authors. In particular, the 
dynamic random effects models presented in section 5 were estimated using 100 Halton draws. As a sensitivity 
test increased numbers of these were experimented with and made no substantive difference to the results. For 
a description of the mechanics of Halton sequences in the present context, see Train (2000).  
 

1

exp( )

exp( )
.ijt

J

iktk

MNL
ijt

V

V
P

=

=
∑
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strong a priori reasons that these will be correlated across states. That is, the unobservables 

driving an individual’s utility gained from full-time employment must surely be related to 

those from part-time (and so on). To this extent, Small’s (1987) OGEV (Ordered Generalised 

Extreme Value) model relaxes this independence assumption and allows for the unobservable 

factors to be correlated for some closer related choices, specifically by imposing a correlation 

between alternatives that are near neighbours. The correlation is captured by an additional 

parameter ρ, that is (inversely) related to the actual correlation (which here has no closed form 

solution, Small, 1987). The standard OGEV probabilities are given by (Small, 1987)9: 

       (6) 

 

with the convention that 𝜌𝜌−1𝑉𝑉𝑖𝑖0 = 𝜌𝜌−1𝑉𝑉𝑖𝑖,𝐽𝐽+1 = 0  and where 0 < 𝜌𝜌 ≤ 1 . The actual 

correlation has no closed form solution but is inversely related to ρ such that as 𝜌𝜌 →

1 𝑃𝑃𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂 → 𝑃𝑃𝑀𝑀𝑀𝑀𝑀𝑀.  This is a more flexible specification compared to a Nested Logit model as 

it allows exploring “proximate covariance” between close alternative labour states without 

imposing zero correlation between specific pairs of choices and a more rigid nested (tree like) 

structure (Small, 1987).10 For an application of the OGEV model, see Harris et al. (2006).  

 

In addition to such correlation of local alternatives, it is also probable that individuals will be 

“gravitated” to a certain extent towards various labour market states regardless of individual 

characteristics. This can be accounted for by using an additional (labour) state-specific 

unobserved heterogeneity parameter. Such an approach is in essence the DOGIT model of 

Gaudry and Dagenais (1979) as it can explicitly allow for both individual-level and labour 

state-specific heterogeneity. Indeed, this approach has been applied before to labour market 

choices with regard to occupational choice (Brown et al., 2008).  

 

                                                 
9 Note we subsequently omit in both equations (6) and (7) the t subscript to avoid cluttering the notation. 
10 Note that in this case the order of the different outcomes only dictates which labour states are correlated by 
including correlations between adjacent choices. That is, in our application we do not focus on nor claim the 
presence of a natural order between the labour states defining our dependent variable. This is because we are 
mostly interested in testing the presence of correlations between close alternatives via unobservables afforded by 
the OGEV model.  
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Essentially, the DOGIT model extends the standard MNL by including additional choice-

specific parameters, jθ . These additional components have been previously labelled as 

“loyalty”, “gravity” or “captivity” parameters (Fry and Harris, 1996). A useful interpretation 

for our purposes is the so-called “two-stage” choice process described in Fry and Harris 

(1996). In the “first stage” the individual faces a choice set comprised of 1J +  alternatives, 

{ } { }1, , 1 1, , , ,J J C+ =   where C denotes the full choice set. If a singleton alternative is 

selected in stage 1, then there is no “stage 2 choice” and the corresponding alternative is the 

one selected. However, if the 1J +  alternative is selected in stage 1, then in the second stage 

of the choice process the individual will make selections according to the random utility model 

underlying the usual MNL approach. Fry and Harris (1996) suggest combining both the 

elements of the DOGIT and OGEV models into the DOGEV model, which in the current 

context, will have probabilities of the form: 

.                (7) 

 

The first term in equation (7) represents the heterogenous choice-specific effect that measures 

the extent that an individual is gravitated to alternative j, and this is augmented to the 

individual specific part of the probability 𝑃𝑃𝑖𝑖𝑖𝑖𝑂𝑂𝑂𝑂𝑂𝑂𝑂𝑂for all individuals. The DOGEV model thus 

simultaneously allows for correlation of close neighbouring alternatives and for individuals 

to be gravitated to particular labour market states, both of which appear to be very important 

to the application at hand. Indeed, DOGIT, OGEV and MNL are all sub-models nested within 

the DOGEV model.  

 

The DOGIT choice-specific parameter, usually termed captivity but also “loyalty” or 

“gravity” (Fry and Harris, 2005), allows individuals to be drawn to particular choices, 

irrespective of their personal characteristics. This is in addition to any state-dependence and 

in this case could be interpreted as a combination of demand-side effects and omitted variables 

constant across employment states. An estimated “large” gravity parameter would imply that 

the choice probability for a specific labour state is mainly driven by unobservables related to 

the states themselves, irrespective of observed individual heterogeneity. These could be 

related to labour market supply-side factors, including characteristics of the employers and 

contractual conditions which may make a particular labour state more attractive or perceived 

( )
1 1

1
1 1

jDOGEV OGEV
ij ijJ J

k kk k
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as higher quality but that could not be directly observed. Conversely, an estimated nil value 

for captivity would suggest that choice probabilities are mainly driven by observable 

heterogeneity. Here, we aim at exploring whether choice probabilities are a combination of 

the two, i.e. labour state-specific captivity and observed heterogeneity.11 In short, we propose 

a very flexible and rich multinomial model, incorporating correlated random effects along 

with components borrowed from both the OGEV and DOGIT models. 

 

2.3 Models for self-assessed health 

Self-assessed measures of health can be problematic when used to identify the causal effect 

of health on labour market outcomes (Anderson and Burkhauser, 1985; Bazzoli, 1985; Stern, 

1989; Bound, 1991; Au et al., 2005). Firstly, self-reported measures are based on non-

comparable subjective judgements: individuals with the same underlying health may apply 

different thresholds when reporting their health status on a categorical scale (Lindeboom and 

van Doorslaer, 2004). Secondly, self-reported health might not be independent of labour 

market status (Garcia-Gomez and Lopez Nicholas, 2006). While measurement error caused 

by reporting heterogeneity will lead to an underestimation of the effect of health on labour 

market outcomes, endogeneity in the health-work relationship will lead to an upward bias 

(Bound, 1991). Thirdly, health problems can also be systematically overstated as a means of 

obtaining social security benefits such as disability benefits (Kerkhofs and Lindeboom, 1995) 

or simply to justify being outside the labour market (justification bias; Black et al., 2017). All 

these indicate potential endogeneity and/or mis-measurement of the health status covariate in

 in equation (1).  

 

In this paper, we follow Stern (1989) and Bound (1991) and adopt an instrumental variable 

type-procedure to deal with the issues related to the endogeneity and measurement error of 

self-perceived health. This method involves estimating a generalised ordered probit model 

(Pudney and Shields, 2000) for a measure of self-assessed health (SAH) as a function of a 

series of more specific and thus potentially more accurate indicators of health limitations and 

bodily pain, to obtain a health stock measure purged of reporting bias. We then use this latent 

health stock variable as our measure of health in the labour transition models. This procedure 

                                                 
11 We also note that following Brown et al., (2008), it would be possible to parameterise the inherent captivity 
parameters with observed personal covariates. However, there are no obvious candidates that would uniquely 
identify these effects whilst being orthogonal to the labour supply decision. Moreover, we deem our models 
already sufficiently heavily parameterised. 

1itP −
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simply mirrors standard methods of dealing with errors-in-variables (Griliches, 1974) and has 

been extensively used in the empirical literature on health and labour outcomes (e.g., Disney 

et al., 2006; Brown et al., 2010; Jones et al., 2010). While this approach does not deal directly 

with the potential reverse causality between health and employment outcomes (e.g. Adam et 

al., 2007; Lindeboom, 2012; Rohwedder and Willis, 2010), it allows accounting for 

systematic reporting bias which may distort the estimates of the effect of self-reported 

measures of ill-health on labour supply. Furthermore, since our health stock index exploits 

information from a wide range of specific health measures (including activities of daily living; 

work-limiting conditions; and bodily pain), it is likely to be a more reliable measure of general 

health compared to standard single SAH measures. In order to check the robustness of this 

measure, we also make use of an alternative health indicator defined as the presence of 

working-limiting long-term conditions. Finally, we include in all models a variable defining 

health shocks. This variable should also help to further disentangling the relationship between 

health and work by exploiting unexpected events and their timings. Details for all the above 

mentioned health variables are reported in the following section. 

 

3. Data  

3.1 Dataset and key variables 

This paper uses panel data drawn from the first 13 waves (2001-2013) of the Household, 

Income and Labour Dynamics in Australia (HILDA) Survey. HILDA is a household-based 

longitudinal study which focuses on issues related to three major topic areas: household and 

family dynamics; income and welfare dynamics; and labour market dynamics (Watson and 

Wooden, 2007). Its design resembles other important longitudinal surveys such as the British 

Household Panel Survey (BHPS); the German Socioeconomic Panel (SOEP); and the U.S. 

based Panel Study of Income Dynamics (PSID), but it has more extensive information on 

health and labour variables.  Because of its wealth of variables, including health shocks and 

length, and the possibility to observe labour market transitions between consecutive years, 

HILDA is well suited for our analysis. Furthermore, the employment variables included in 

HILDA are more in line with the International Labour Organization guidelines if compared 

to the ones of BHPS and SOEP (Watson and Wooden, 2011).  

 

As our primary interest lies in the effects of health on labour market choices of older workers, 

we only make use of a sub-sample of individuals aged between 50 years of age to the year 

prior state retirement age of 65 for the whole 13-wave panel. We thus obtain an estimation 
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sample which consists of 2,455 individuals, 1,228 men and 1,227 women, all aged between 

50 and 65 in an unbalanced panel. The variables used in our analysis are summarised in Tables 

1 and 2. Table A1 contains definitions and sample statistics of the dependent and explanatory 

variables used in the labour transitions model, while Table A2 presents the variables used in 

the health stock model (see Online Appendix).  

                                                  

Employment status 

As stated, we look at transitions over time between four different labour market states: full-

time employment; part-time employment; self-employment; and economic inactivity. Using 

information contained in the HILDA Survey, we distinguish between being full-time and part-

time employed as an employee (i.e., any individual who works for a public or private 

employer and receives remuneration in wages/salaries). Self-employed individuals are 

identified using the Australian Bureau of Statistics (ABS) Employment Type classification.12 

According to this categorisation, we define self-employed individuals as those who self-report 

being owner-managers of either incorporated or unincorporated enterprises. 13  Our broad 

definition of economic inactivity comprises individuals both voluntarily inactive (retired) and 

involuntarily inactive (unemployed). More precisely, we define as voluntarily inactive 

individuals who self-report being retired, disabled, unpaid volunteer and looking after an ill-

person. However, it should be noted that only 1.2% of middle-age and older individuals in 

our sample are involuntarily inactive/unemployed.  

 

Health and health shocks  

Following the literature noted above, we define ill-health using a latent health stock measure 

obtained by regressing a five-class measure of self-assessed health (SAH) with a series of 

more specific health indicators using generalised ordered probit (GOP) models (Table A2). 

The SAH variable contained in the survey offers an ordinal ranking of perceived general 

health status and is derived from the question: “In general, would you say your health is 

excellent/very good/good/fair/poor?”. The specific health measures used as covariates in the 

health stock model contain information on various degrees of physical functioning 

                                                 
12 Australian Labour Market Statistics, ABS, Issue 6105.0, July 2011.   
13 Given the purpose of our paper, it appears appropriate to include in our definition of self-employment owner 
managers of incorporated enterprises (OMIEs). As suggested by the ABS (Issue 6105.0, July 2011), the inclusion 
of OMIEs among the self-employed is justified by their greater degree of autonomy over both their business and 
employment conditions if compared to all other employees. For a more detailed discussion on these issues, see 
Blanchflower (2000).        
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(limitations in the ability of performing a series of moderate and vigorous activities; lifting or 

carrying groceries; climbing one or several flights of stairs; walking different distances and 

bathing and dressing); problems with work or other daily activities caused by physical health; 

degrees of bodily pain and the extent to which pain interferes with normal work (see Table 2 

for details on these variables). GOP models also allow for heterogeneous thresholds when 

reporting self-assessed health. In particular, we allow the SAH thresholds to be influenced by 

age, gender (estimating GOP models for men and women separately), ethnicity, education, 

employment status, income and other demographic characteristics (see lower part of Table 2).  

 

Following Jones et al., (2010), we use specific health indicators to predict an individual’s 

underlying health status and socioeconomic characteristics to model reporting bias (i.e., the 

thresholds of the self-assessed measure of health). This implicitly assumes that, conditional 

on the health indicators, any residual association between self-reported health and 

socioeconomic characteristics should only reflect reporting bias (and not genuine variation in 

health). In this context, this assumption does not appear to be too strong as our main objective 

is simply to build a measure of health that is purged of reporting bias. In addition, we also 

define ill-health employing a variable which defines the presence of any long-term conditions 

“which limit the type or amount of work an individual can execute”.14 We identify health 

shocks using self-reported information on the incidence of a serious injury or illness in the 

twelve months prior the interview. Accordingly, we define a dummy variable which takes the 

value 1 if the individual has suffered a serious injury or an illness. This variable is particularly 

useful for the identification of the effect of a sudden health change on labour market outcomes 

as it captures the occurrence of an unexpected health-related negative event (serious injury), 

and moreover is definitionally, an exogenous shock. 

 

 

 

 

                                                 
14 Although this is arguably a more accurate measure of health than the general SAH variable, a recent paper by 
Black et al. (2017) finds evidence of justification bias among HILDA respondents answering questions on 
disability and long-term health conditions. More specifically, non-employed respondents and disability recipients, 
especially among male individuals, appear to overstate their level of disability. The authors suggest this might be 
due to financial incentives but also the social desire to justify non-employment. Given our definition of inactivity, 
this is likely to affect a relatively small proportion of individuals included in the inactive category, i.e. those who 
self-report disability and the unemployed, which represent 14.7% and 1.2% of the individuals in the category, 
respectively. Still, we should be cautious when interpreting the effects of this variable on labour transitions.             
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Other demographic and socioeconomic variables  

A wide range of individual demographic and socioeconomic characteristics are also included 

as covariates in the models for labour transitions (see Table A1). These characteristics are: 

age, considered through a series of dummy variables defining four age classes; gender (by 

estimating separate models for men and women); education, coded using three dummies for 

three different levels of schooling; job characteristics (if blue collar or two different levels of 

white collar); income (individual-specific log household income from all sources of labour 

and non-labour income) and home ownership. Household characteristics are captured through 

marital status (if married or living in a couple) and household composition (the presence of 

own dependent children). We also include geographical information on the country of origin 

(if born overseas) and area of actual residence (if living in a regional or remote area). Income, 

home ownership, marital status and household composition variables are reported at their 

lagged values to reduce concerns related to endogeneity and simultaneity issues. Following 

the approach of Mundlak (1978) and Wooldridge (2005) to deal with initial conditions and 

potential correlations between individual effects and observed regressors, we add into our 

specifications initial (wave 1) values of the labour state dummies and the average of the 

sample period of individual-specific household income. Importantly, the inclusion of the latter 

explicitly allows our income variable (which includes potentially endogenous labour income) 

to be correlated with the individual effects. Finally, year-specific shocks are accounted for 

using annual (wave) dummies.   

 

3.2 Observed labour state transitions 

As our interest lies in transition probabilities and their relationship to health levels, we first 

look at the observed transition probabilities. Tables 1a and 1b contain the observed transition 

proportions between the four labour market states in the presence and absence of health shocks 

and long-term health conditions. The rows of the table contain previous labour market states 

whereas the columns show current labour market states.  

 

(Tables 1a and 1b here) 

 

These tables show a strong degree of observed persistence, outlined by higher percentage 

values on the diagonals of each observed matrix, in labour market outcomes for both men and 

women. However, for individuals who suffered a health shock or have any long-term health 

condition, such observed persistence appears to be lower for almost all labour market 
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outcomes with the exception of inactivity. In particular, individuals previously in full-time 

employment experiencing a health shock seem to downshift mainly towards inactivity. 

Interestingly, while following a health shock the proportion of men in part-time employment 

appears to slightly increase, we observe a decrease in the ones of women in part-time work 

and no women in self-employment. Moreover, for men previously employed part-time, 

sudden health deteriorations increase the percentage of individuals still in part-time, 

substantially augment the one for inactivity and also present corresponding empty cells for 

full-time and self-employment. For women in part-time work at t - 1, health shocks also reduce 

observed proportions in full and part-time while increasing the ones for self-employment and 

inactivity. The remaining observed empty cells reflect the absence of individuals suffering 

from health shocks in those labour categories. The presence of long-term health conditions 

appears to affect observed percentages differently. For example, for those previously in full-

time employment, long-term ill-health appears to increase percentages of individuals in all 

other three labour states. Overall, individuals with long-term health conditions also appear to 

present more frequent observed movements between part-time and self-employment.  

 

4. Discussion of model results 

Due to the complexities of the models and the large amount of model results, we only report 

and discuss the marginal effects of covariates on the probability of being in each labour state, 

evaluated at the sample means of covariates, with standard errors being estimated using the 

Delta method.15 Note that to account for the fact that our health stock measure is obtained 

using the predicted values from the first-stage generalised ordered probit models, the standard 

errors for the estimates in the second-stage DOGEV models are adjusted for the additional 

variance from the first-stage using the approach of Murphy and Topel (1985). Table A3 in the 

online appendix presents the estimated marginal effects of all socioeconomic covariates for 

Model II.16  

 

Key results including the marginal effects for the lagged labour state and health variables are 

presented for both models and displayed separately for men and women in Tables 2 and 3. As 

noted earlier, we consider both health state and health shocks. Health state is considered with 

                                                 
15 We also evaluated partial effects at specific health states. Results are similar and available upon request. 
Coefficient estimates and the associated standard errors are not reported due to space limit but are also available 
upon request.  
16 Estimates of the marginal effects for the full set of year/wave dummies and all other marginal effect results for 
Model I are available upon request.     
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two alternative definitions: a latent health stock variable purged of reporting bias instrumented 

from the first stage and a dummy variable identifying long-term health conditions (models I 

and II in each Table, respectively). We use lagged values of these variables to further ease 

any concerns about endogeneity. In all models health shocks are defined as a dummy variable 

based on information on the occurrence of a serious injury or illness. Each of Tables 2 and 3 

contains partial effects for key variables, gravity parameters (θ), correlation between adjacent 

labour market states (ρ), as well as variance-covariance matrices for the random effects 

𝜇𝜇𝑖𝑖𝑖𝑖from our dynamic DOGEV models. 

 

(Tables 2 and 3 here) 

 

Labour state correlation and gravity 

We freely estimated all gravity parameters in all models. Without fail, there was strong 

evidence of a gravity effect for the inactive labour market state, but not to any other states (the 

respective θj value was essentially 0). That is, once we have conditioned on a whole host of 

factors (such as observed and unobserved individual heterogeneity, cross-equation 

correlations, past labour market experience, and so on), there is only a “residual” effect for 

this inactive state. This suggests that, to a certain extent, individuals are gravitated to the 

inactivity state regardless of differences in individual characteristics.  

 

The DOGEV models further find a highly statistically significant ρ (i.e. significantly different 

from 0) in all specifications for women and one for men. This implies that there are significant 

correlations in the time-varying idiosyncratic errors between local adjacent labour market states 

and that an OGEV specification would be more appropriate than the nested standard MNL 

model ignoring these. We evaluate and quantify these effects in greater details below but note 

here that the significance of the gravity effects and the correlation coefficient clearly suggests 

that models ignoring these could be mis-specified. The significance of estimate for ρ would 

also serve as a rejection of the independence of irrelevant alternatives (IIA) property for the 

nested Multinomial Logit model.  

 

State dependence and individual heterogeneity 

One key advantage of our dynamic panel data model is its ability to separately identify true 

labour market state dependence and state dependence due to individual heterogeneity. Our 
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results show that both sources are significant in contributing to the observed labour market 

state dependence, so mis-specifying the model with only one of the two channels would 

confuse the two effects.  The estimated variances for the individual random effects at the 

bottom of Tables 2 and 3 show that there is a statistically non-zero variance for the individual 

unobserved effects 𝜇𝜇𝑖𝑖𝑖𝑖 in all models, justifying the existence of significant time-invariant 

individual effects. Furthermore, the estimated covariances for individual unobserved effects  

𝜇𝜇𝑖𝑖𝑖𝑖 are significant at 1%-10% levels for both men and women for both models, except for the 

case of men for Model I for the pair of SE and INA. These suggest that the correlation across 

states/choices for the same individual exists for both time-invariant random effects (via the 

significant estimates for the off-diagonal covariances for effects 𝜇𝜇𝑖𝑖𝑖𝑖’s) and for time-variant 

errors 𝜀𝜀𝑖𝑖𝑖𝑖𝑖𝑖 (via the significant estimate of ρ) for the same individual i. This particularly 

highlighted the strength of our complex model that allows for both such correlations. In 

summary, there is strong evidence for significant individual time-invariant unobserved effects 

for all choices and these effects are also mostly correlated across labour market states. 

 

Next, we turn to the true labour market state dependence as captured by φj. According to both 

models for both men and women, genuine labour market persistence exists in all states 

considered. Being employed part-time, self-employed or inactive in year t-1 greatly increases 

the probability of staying in the same labour market state in year t. However, being in any of 

these labour market states in the previous period greatly decreases the probability of choosing 

full-time employment in the subsequent period for both men and women, relative to those 

being employed full-time in the previous period.  The results also present some interesting 

evidence of cross-mobility among labour market states, and other pathways to retirement 

(INA) in addition to the pathway of FT to INA. For example, for men PT work is shown to 

be a pathway to both SE and INA, with higher probability of PT transiting to either SE or INA 

relative to previous FT workers, controlling for all other observable factors. No evidence is 

found for higher chance of previous SE (relative to previous FT workers) transiting to INA. 

This is different for women.  An interesting finding for women is that SE is a greater pathway 

to INA than part-time (both models in Table 3). This is different from the observed transition 

probabilities, where both PT and SE are equally greater pathways to INA relative to FT work 

when other factors are not controlled. Another interesting difference is that a previously INA 

man is more likely to go back to PT work than a previously FT-working man transiting to PT 

work. For women, a previously INA woman is much less likely to move to PT work than a 
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previously FT-working women. In other words, men may fluctuate between different states 

whilst women follow more clearly the downward transition paths to INA. 

 

Partial effects of health 

We next focus our attention on the partial effects of the health variables. For men (Table 2), 

partial effects of the health and health shocks variables are negative and statistically 

significant on the probability for full-time employment, especially in model II. Accordingly, 

both ill-health and health shocks decrease the probability of full-time employment. More 

specifically, the presence of long-term conditions appears to decrease the probability of 

choosing full-time employment by around 16 percentage points (pp) while the occurrence of 

health shocks seems to decrease the same probability by around 13.6pp. Partial effects of all 

health variables are positive and statistically significant for being in inactivity. This appears 

to suggest that both sudden and gradual health deteriorations increase the probability of 

inactivity: the former increases the probability of becoming inactive by between 13.1 to 

26.5pp while the latter by around 21.1pp. We also observe a negative and significant partial 

effect of the health shocks variable for part-time employment (around 8.1pp, model II). Our 

estimates also show a negative, although only weakly significant, partial effect of health 

shocks on self-employment (4.8pp, model II). This suggest that for older men, health shocks 

decrease the probabilities of choosing all of FT, PT or SE, and only increase the chance for 

INA.  

 

For women, partial effects obtained from both models I and II (Table 3) indicate a similar role 

of ill-health and health shocks in determining labour market states, although health shocks 

appear to play a larger role if compared to ill-health and long-term health conditions. More 

specifically, health shocks decrease the probability of choosing full-time employment while 

increasing the probability of opting for inactivity (model II). Also, ill-health and the incidence 

of health shocks both appear to decrease the probability of being in part-time employment.  

 

Partial effects of other covariates 

With regard to the effect of other covariates, we find that in line with previous studies, there 

is some evidence that labour transitions among older individuals are also influenced by age, 
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education, income, type of jobs and marital status.17 More specifically, for men the probability 

of choosing full-time employment seems to be a positive function of all age dummies as 

compared to the base category of over 60 years age group (with partial effects quantitatively 

smaller as age increases) and a positive function of income. The probability of part-time 

employment seems to depend negatively on marital status (although only at 10% significance 

level) while being in self-employment is negatively associated with age. The likelihood of 

choosing inactivity appears to increase with age. 

 

As for the models estimated for women, the larger and most consistently significant partial 

effects are the ones for the age dummies (positive for transitions to full- and part-time and 

negative to inactivity, although with smaller partial effects for older age categories); 

household income (also positive for transitions to full-time and part-time employment, 

negative to inactivity); and marital status (this time negative for full-time and part-time 

employment but positive for inactivity). Also, higher levels of education are positively 

associated with transitions to full-time and self-employment (although only weakly) and 

negatively associated with inactivity. Relative to being a manager, holding a highly ranked 

white collar job appears to decrease the likelihood of choosing full-time employment and to 

increase the ones of opting for inactivity and to a lesser extent part-time.  

 

Model selection and results from alternative models   

Table 4 evaluates our DOGEV models by reporting sample proportions (Sample) and average 

probabilities (AP) of models I and II for both men and women. In terms of these, the models 

appear to replicate very closely the observed sample proportions across all specifications. The 

table also reports captive/gravity probabilities (and corresponding standard errors) derived 

from the previously estimated gravity parameters for inactivity. These quantify the gravity 

effects and imply a probability around 1.5-1.9 percent of being “gravitated” to inactivity for 

both genders. The size of these effects is not negligible as these probabilities are irrespective 

of individual preferences. Indeed, although dwarfed by the effects of past labour market status, 

these gravity effects of nearly 2pp, are of the same order of magnitude as the effects of ill-

health on labour market status. Indeed, such significant gravity effects, also appear to validate 

the use of a model capable of accounting for labour market state heterogeneity.  

                                                 
17 Tables with the full set of partial effects for models II for both men and women can be found in the Appendix. 
Partial effects for model I are similar and available upon request.   
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From the model selection point of view, the statistical significance of the estimates for 𝜌𝜌, 𝜃𝜃 

and variances and covariances for 𝜇𝜇𝑖𝑖𝑖𝑖’s serves as the rejection of the null hypotheses regarding 

each of these parameters and suggests that our random effect (RE) DOGEV model is the 

preferred model over the simpler models. In order to highlight the impact of estimating our 

more general model, we next estimate three alternative rejected models in order to compare 

how the key results would differ if these simpler models were used.  

 

In Tables 5 and 6 we compare the key results from our RE DOGEV model from those from:  

a pooled dynamic MNL (MNL), a RE dynamic MNL (RE MNL), and a pooled dynamic 

DOGEV (DOGEV) models. These are computed for model II (where long-term health 

conditions and health shocks are included) for both genders. Comparing the impacts of health 

first, overall the effects of both health variables seem to be under-estimated for the 

probabilities of FT and INA for both men and women if using any of the three simpler models 

(except for one case of health shocks effect on INA state from the DOGEV model). In 

particular, for men (Table 5), these differences can be substantial, ranging from 2pp to 8pp in 

probability values (or 15% to 44% as relative differences). For women, the differences are 

much smaller. As for the effects of state dependence, the results for both own-state 

dependence and cross-state transition can be significantly different if using the 3 simpler 

models. As expected, own-state persistence can be over-estimated without RE controlling for 

individual heterogeneity for both men and women, and the differences for men are more 

substantial. The results for RE MNL model are different for men versus women. Without 

allowing for cross state correlations, the RE MNL slightly underestimate own-state 

dependence for men, whilst for women, it can be over or under estimate such dependence. In 

summary, there can be significant differences in our key results if any of the rejected and 

simpler models are used.    

 

(Tables 4, 5 and 6 here) 

 

5. Simulating the dynamic employment paths due to ill-health  

In order to further illustrate the dynamic effects of health on labour market decisions, 

especially including the long-lasting indirect health effect via labour market dynamic state 

dependence, we use the estimated models to simulate the labour state probability paths from 
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various scenarios of ill-health. We extend the simulation approach taken in Damrongplasit et 

al. (2019) for a binary outcome dynamic model to the multinomial case. To fully illustrate all 

situations for any given health change scenario, we would need to consider 16 probability 

paths for all of the 4 initial labour states (4 paths per 4 different initial conditions). To contain 

the scale of the simulation, we focus on the case of initial FT employment, which is more 

relevant to our retirement focus. For each health change scenario, we consider a stylised 

simulation by using a sub-sample of all the 60-year-old men/women in the estimating sample, 

and we simulate paths from age 60 to 65. We keep all their exogenous variables (other than 

the health variable being simulated), fixed at their observed levels at age 60 throughout the 

simulation. This is so as to isolate the effects of only one exogenous health change in each 

scenario of the simulation and to illustrate its trajectory. We evaluate simulated individual 

probabilities for each state, using exactly the same random effects as used in estimation based 

on the estimated error components variance-covariance matrix. Final stylised probability 

profiles for each of all four states are then obtained as the average of these simulated ones, 

over all of the individuals considered in the simulation sub-sample. Note that we choose all 

60-year-old men/women in the sample, not just those who were working at the age of 60. This 

is done in order to conduct the counterfactual simulation of the health impact on all 60-year-

old males/females (not the impact on the sub-group of individuals who are working). 
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Specifically, we consider three health change scenarios under Model II: a one-off ‘health 

shock’ at the initial period only, with no health shock for subsequent periods; a permanent 

‘long-term health condition’ switched on for all simulation years; and a change of ‘health 

stock’ across three different health stock quantiles (Q1, Q2 and Q3). We simulate the four 

labour market probability paths for 60-year-old individuals, assuming they are all working FT 

at the start of the simulated period.18 Following the algorithms proposed in Damrongplasit et 

al. (2019), a health change in period t will initially change the probability of all four labour 

states for the current period t (or the next period t+1 in the case of lagged health regressor) in 

the first instance. However, through the dynamic model via the lagged labour state variables, 

the impact will roll over to all future periods for all four labour state/choice probabilities. So, 

the probability profiles are simulated over time, by considering all labour market states in all 

future time periods, and all possible pathways the individual could have taken to have arrived 

at the probability for a particular state in that particular time period (Damrongplasit et al., 

2019). For any particular path, joint probabilities over time are simply the product of marginal 

ones where joint dependence is allowed for by the common unobserved effect. 19  The 

simulation results for males and females are reported in Figures 1 and 2, respectively.   

 

(Figures 1 and 2 here) 

 

We first focus on the first two health change scenarios for men in Figure 1.  The first graph in 

Figure 1 for the one-off health shock scenario suggests a significant reduction of the 

probability for FT employment from about 0.39 to 0.22. Interestingly, this appears to translate 

into higher probabilities for INA (from 0.44 to 0.47) as well as for PT (0.07 to 0.12) and SE 

(0.11 to 0.19). Since higher probabilities to PT and SE also include the possibility of 

downward transitions from PT/SE to INA, overall these simulations seem to suggest evidence 

of PT and SE pathways into INA following a one-off health shock. Notably, the immediate 

impacts on all four labour states settle quickly within 2 or 3 years before reaching a new 

equilibrium. 

 

                                                 
18 We have also simulated labour state probability paths using observed lagged labour states and without imposing 
working full-time as initial state. Corresponding graphs are available upon request. 
19 It should be borne in mind that all estimates from our models, including simulated labour trajectories are based 
on and valid for the current pension system. The age pension age remained 65 for the entire estimating sample.   
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The impact of a long-lasting long-term condition is somewhat different (second graph in 

Figure 1). The probability of FT work decreases more significantly from 0.37 to 0.11, and that 

of INA increases from 0.42 to 0.60. While the probabilities for PT and SE change from 0.10 

and 0.11 to 0.11 and 0.18 respectively, the significant increase in the INA probability also 

indicate a high possibility for a more direct transition from FT to INA. In comparison, it seems 

that the impact of a persistent long-term health condition for all periods of the simulation is 

worse than a one-off health shock at the start of the simulation, and there is also a stronger 

evidence of PT/SE pathways for the case of a one-off health shock at the beginning of the 

period, for a random selected 60-year-old man in the sample. Corresponding top two graphs 

in Figure 2 for women appear to show similar patterns with the same evidence of PT/SE as 

pathways of labour market transition, although the probabilities settle at different values.  

 

It is also interesting to compare the difference a person’s location on the health stock 

distribution can make to his/her employment states when faced with a new health change. We 

do this for the case of a one-off health shock, and the lower three graphs in Figure 1 show the 

impacts for men on the first to third quantiles (Q1-Q3) of the health stock distribution, with 

Q1 representing the healthy end of the health stock. Whereas we find similar inactivity 

pathways, the impacts for the less healthy on the Q3 health distribution are more severe, with 

the projected probability for FT employment changes from around 0.39 to a long-term 0.14, 

and that for INA from 0.40 to 0.60 for an otherwise randomly selected 60-year-old man. 

Similar results apply to women. In all simulated paths, the initial effect settles into an 

equilibrium probability after 2-3 years for all four labour states. 

 

6. Conclusions and discussion  

This study proposes a new and more flexible model to examine labour market transitions 

between full-time employment, part-time employment, self-employment and inactivity 

among older workers. As retirement age increases across the world, understanding the various 

pathways of transitioning from full-time employment to permanent inactivity is crucial for 

designing government policies aimed at encouraging individuals to work longer. Our analysis 

was motivated by both the scarcity of knowledge and mixed findings around the relationship 

between ill-health and different paths into inactivity for workers in the later stage of their 

work lives. Our dynamic multi-state panel model specification includes more flexible features 

such as captivity/gravity to specific labour market states, correlation across all states for time-

invariant individual random effects, as well as correlations between neighbouring labour 
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states via time-varying idiosyncratic errors. These allow to more flexibly and realistically 

representing an individual’s behaviour and accounting for demand-side factors. Our results 

show that our model is the preferred model by the data. We find significant individual 

heterogeneity and evidence of correlations across labour states via both time-invariant and 

time-variant unobservable individual factors. We have also estimated three alternative simpler 

models, and our results show that estimates for key results of interest can vary substantially if 

these realistic model features are not accounted for.  

 

From a policy perspective, this paper contributes to the debate centred on the implementation 

of policies targeted at containing the decline of labour force participation due to the ageing 

population. More specifically, it aims at unveiling whether, and for how long, ill-health and 

health shocks might drive individuals of both genders towards reducing the amount of hours 

worked (part-time work) or to choose a type of employment which they perceive as more 

flexible (self-employment) before becoming economically inactive. Importantly, our model 

does so by also accounting for demand-side and labour-state specific unobservables, which 

may “gravitate” individuals to specific labour states, irrespective of individual characteristics. 

Robust evidence around the role of health, as well other important determinants of frequently 

observed labour transitions, may help governments to devise more targeted incentives for 

older workers to remain active in the labour market.      

 

As expected, our findings indicate the presence of strong true state dependence in all labour 

marker states even after time-invariant individual unobserved effects are controlled for. We 

show that the magnitudes of true labour market state dependence for all four states could be 

over-estimated for both men and women if individual effects are not controlled, with the 

differences for men being particularly substantial. The overestimation of state dependence 

would be especially marked for self-employment (men) and inactivity (women), with 

differences of around 30pp and 35pp if compared to the estimated partial effects of our 

preferred specification, respectively. We also find that the effects of both health variables could 

be under-estimated for the probabilities of full-time work and inactivity for both men and 

women if individual effects and cross-state correlations are not accounted for.  

 

We find that for both genders experiencing a health shock or having a long-term health 

condition leads to a substantially lower propensity for full-time employment and a higher 

probability for inactivity. This is in line with earlier evidence on the effects of ill-health on 
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labour force participation (e.g. Blundell et al., 2016), including the one produced using 

Australian data (e.g. Cai and Kalb, 2006; Zhang et al., 2009).  However, in contrast with 

previous research based on static models not accounting for different types of unobserved 

heterogeneity, our estimates obtained using a DOGEV model suggest overall smaller impacts 

of health and health shocks on the probabilities of part-time and self-employment. For instance, 

Zissimopoulos and Karoly (2007) employ a more standard multinomial logit model and find 

that in the US work-limiting health conditions have a large positive effect on the probability of 

choosing self-employment among older workers. Results obtained by Gannon and Roberts 

(2011) using a multinomial probit model with individual effects and a Mundlack-type estimator 

(Mundlack, 1978), suggest that in the UK individuals aged 50 or over with health problems 

have a higher probability of working part-time. Differences between our findings and earlier 

evidence may be the result of the use of a dynamic model and the possibility of drawing more 

precise trajectories of labour market transitions while accounting for several types of 

unobservable factors. Interestingly, our model also suggests that, although health effects are 

sizeable, for the probability of each of the labour market states, the magnitudes of these effects 

is substantially smaller than that of the state dependence effect for staying in the same state for 

both men and women. In other words, true state dependence is stronger for workers in their 

later stage of work lives.   

 

Our simulated dynamic response paths illustrate how even a one-off health change can have a 

long-lasting impact on the labour market state trajectory. The simulations provide support for 

large decreases in full-time employment and increases in inactivity together with evidence of 

health-driven retirement pathways via part-time work and self-employment for both men and 

women. Yet, the latter appear to be more pronounced following a one-off shock than a lasting 

long-term condition. Overall, we show that the effect of a permanent health change is larger 

than that of a one-off health shock.      

 

It should be noted that our labour trajectories do not control directly for some potentially 

important institutional factors, such as the structure of the social security system and the tax 

system, which might inform some of movements within and outside the labour market. 

However, our models account for a number of important elements such as employment 

dynamics, health dynamics, the roles of individual and labour-state specific unobserved 

heterogeneity and a broad range of demographic and socioeconomic variables. As such, our 

highly flexible approach builds on results from previous studies on health and labour 
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transitions and provide new evidence on the existence of heath-driven inactivity paths, using 

a more comprehensive empirical model.   
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Tables  
Table 1a: Observed labour market transition probabilities – health shocks         

 
Men - no health shocks      

 
Women - no health shocks    

 
FT, t PT, t SE, t INA, t Total 

 
FT, t PT, t SE, t INA, t Total 

FT, t-1 84.66 4.89 3.2 7.26 100 
 

83.09 8.45 1.58 6.87 100 

PT, t-1 12.03 64.41 6.61 16.95 100 
 

6.73 75.48 2.27 15.52 100 

SE, t-1 5.35 3.32 84.03 7.30 100 
 

2.32 5.21 79.02 13.46 100 

INA, t-1 1.93 3.95 3.19 90.93 100 
 

0.68 3.43 1.55 94.34 100 

            

 
Men - health shocks      

 
Women - health shocks      

 
FT, t PT, t SE, t INA, t Total 

 
FT, t PT, t SE, t INA, t Total 

FT, t-1 77.19 5.26 1.75 15.79 100 
 

74.07 3.7 - 22.22 100 

PT, t-1 - 69.23 - 30.77 100 
 

4.76 52.38 9.52 33.33 100 

SE, t-1 2.27 2.27 79.55 15.91 100 
 

7.14 - 50.0 42.86 100 

INA, t-1 3.13 3.13 1.56 92.19 100   - 3.94 2.36 93.7 100 

Notes: FT = employed full-time; PT = employed part-time; SE = self-employed; INA = inactive 

 

 
Table 1b: Observed labour market transition probabilities - long-term health conditions  

 
Men - no long-term health    

 
Women - no long-term health    

 
FT, t PT, t SE, t INA, t Total 

 
FT, t PT, t SE, t INA, t Total 

FT, t-1 86.02 4.46 3.08 6.44 100 
 

84.31 8.58 1.17 5.94 100 

PT, t-1 14.08 63.98 5.8 16.15 100 
 

7.08 76.48 2.12 14.32 100 

SE, t-1 5.43 3.24 85.61 5.73 100 
 

2.11 5.04 80.49 12.36 100 

INA, t-1 3.6 5.72 4.16 86.52 100 
 

0.82 4.11 2.08 92.98 100 

            

 
Men - long-term health       

 
Women - long-term health    

 
FT, t PT, t SE, t INA, t Total 

 
FT, t PT, t SE, t INA, t Total 

FT, t-1 55.38 10.77 6.92 26.92 100 
 

66.67 14.91 3.51 14.91 100 

PT, t-1 2.48 63.64 6.61 27.27 100 
 

6.67 67.22 1.11 25.0 100 

SE, t-1 3.64 3.64 76.52 16.19 100 
 

2.35 7.06 65.88 24.71 100 

INA, t-1 0.62 2.47 2.01 94.9 100   0.7 3.02 0.85 95.43 100 

Notes: FT = employed full-time; PT = employed part-time; SE = self-employed; INA = inactive 
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This table reports partial effects of dynamic random effects DOGEV. All models include the full set of covariates and wave dummies. 
Standard errors in parentheses; * p < 0.10, ** p < 0.05, *** p < 0.01. FT = employed full-time; PT = employed part-time; SE = self-
employed; INA = inactive. θ  are gravity parameters and ρ are correlations between adjacent labour market states.  
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This table reports partial effects of dynamic random effects DOGEV. All models include the full set of covariates and wave dummies. 
Standard errors in parentheses; * p < 0.10, ** p < 0.05, *** p < 0.01. FT = employed full-time; PT = employed part-time; SE = self-
employed; INA = inactive. θ  are gravity parameters and ρ are correlations between adjacent labour market states.  
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This table reports sample proportions and average predicted probabilities of dynamic random effects DOGEV models I and II for all 
labour market states for both men and women; FT = employed full-time; PT = employed part-time; SE = self-employed; INA = 
inactive. It also presents gravity probabilities and corresponding standard errors for the estimated gravity parameters for inactivity.    
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Notes: this table compares partial effects across models. MNL = pooled dynamic Multinomial Logit;  
RE MNL = dynamic random effects Multinomial Logit; DOGEV = pooled dynamic DOGEV;  
RE DOGEV = dynamic random effects DOGEV.  
FT = employed full-time; PT = employed part-time; SE = Self-employment; INA = inactivity.  
* p < 0.10, ** p < 0.05, *** p < 0.01.  
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Table 6: Partial effects: comparison across models - Women    
   MNL  RE MNL DOGEV  RE 

DOGEV  
 

Health Variables        
Long-term health (t-
1) 

      

FT   -0.0189** -0.0181** -0.0175* -0.0172*  
PT   -0.0113 -0.0206 -0.0124 -0.0247  
SE   -0.0138* -0.0051 -0.0142 -0.0057  
INA    0.0440** 0.0438** 0.0440* 0.0475*  
Health shocks        
FT   -0.0290*** -0.0281*** -0.0353*** -0.0305***  
PT   -0.0395 -0.0426** -0.0566* -0.0479*  
SE   -0.0185* -0.0062 -0.0229 -0.0067  
INA    0.0870*** 0.0769*** 0.1148*** 0.0852**  
Occupation at t-1       
Part-time(t-1)       
FT   -0.142*** -0.1066*** -0.1633*** -0.1157***  
PT   0.2095*** 0.1203*** 0.1764*** 0.0900***  
SE   -0.0007 0.0008 -0.0093 -0.0025  
INA    -0.0669** -0.0145 -0.0038 0.0281  
Self-employed(t-1)       
FT   -0.1755*** -0.1353*** -0.2012*** -0.1414***  
PT   -0.0961*** -0.0625* -0.2026*** -0.0957*  
SE   0.1277*** 0.0235** 0.1481*** 0.0199**  
INA    0.1439*** 0.1742*** 0.2556*** 0.2172***  
Inactive (t-1)       
FT   -0.2589*** -0.1842*** -0.2806*** -0.1957***  
PT   -0.3189*** -0.185*** -0.4853*** -0.2397***  
SE   -0.0442*** -0.0106** -0.0415** -0.0146*  
INA    0.622*** 0.3797*** 0.8074*** 0.4499***  
Notes: this table compares partial effects across models. MNL = pooled dynamic Multinomial Logit;  
RE MNL = dynamic random effects Multinomial Logit; DOGEV = pooled dynamic DOGEV;  
RE DOGEV = dynamic random effects DOGEV.  
FT = employed full-time; PT = employed part-time; SE = Self-employment; INA = inactivity.  
* p < 0.10, ** p < 0.05, *** p < 0.01. 
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Figure 1: Simulated dynamic employment responses – Model II, Men 
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Figure 2: Simulated dynamic employment responses – Model II, Women  
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Online appendix  
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Table A3: Partial effects for Dynamic RE DOGEV - Men and Women    
  Men - Model (II)    Women - Model (II) 

Health Variables  FT PT SE INA  FT PT SE INA 
Long-term health (t-1) -0.1575*** -0.0210 -0.0334 0.2118*** -0.0085 -0.0282 -0.0056 0.0424* 

 (0.032) (0.018) (0.021) (0.041)  (0.005) (0.022) (0.004) (0.024) 
Health shocks  -0.1364*** -0.0814*** -0.0479* 0.2657*** -0.0173*** -0.0604** -0.0039 0.0816*** 

 (0.033) (0.023) (0.024) (0.045)  (0.006) (0.027) (0.005) (0.030) 
Occupation at t-1          
Part-time(t-1) -0.3367*** 0.1410*** 0.0626* 0.1332**  -0.0480*** 0.0973*** -0.0023 -0.0470 

 (0.053) (0.028) (0.033) (0.067)  (0.015) (0.033) (0.005) (0.038) 
Self-employed(t-1) -0.3679*** 0.0241 0.2575*** 0.0863  -0.0598*** -0.1165*** 0.0252*** 0.1510*** 

 (0.054) (0.027) (0.051) (0.084)  (0.017) (0.049) (0.011) (0.054) 
Inactive (t-1) -0.6358*** -0.0383 -0.0472 0.7213*** -0.0862*** -0.2858*** -0.0065 0.3785*** 

 (0.060) (0.024) (0.031) (0.061)  (0.022) (0.049) (0.009) (0.052) 
Other variables           
Age between 50-54 0.3036*** 0.0059 0.1123*** -0.4218*** 0.0406*** 0.1512*** 0.0095 -0.2021*** 

 (0.051) (0.030) (0.383) (0.074)  (0.011) (0.038) (0.007) (0.043) 
Age between 55-59 0.1746*** -0.0109 0.0839*** -0.2476*** 0.0243*** 0.1060*** 0.0045 -0.1348*** 

 (0.030) (0.017) (0.023) (0.041)  (0.007) (0.023) (0.005) (0.025) 
Education/certificate  0.0294 -0.0306 -0.0082 0.0093  0.0099* 0.0085 0.0035 -0.0219 

 (0.032) (0.020) (0.023) (0.048)  (0.006) (0.028) (0.004) (0.031) 
Education/degree -0.0136 0.0310 -0.0171 -0.0004  0.0126* 0.0511 0.0098* -0.0735* 

 (0.044) (0.026) (0.031) (0.067)  (0.007) (0.034) (0.005) (0.038) 
White collar 1 -0.0414 0.0460 0.0058 -0.0103  -0.0181*** -0.0649* 0.0032 0.0798** 

 (0.045) (0.031) (0.034) (0.076)  (0.007) (0.034) (0.004) (0.038) 
Blue collar 0.0218 0.0129 -0.0399 0.0052  -0.0123 -0.0444 -0.0051 0.0618 

 (0.045) (0.031) (0.036) (0.073)  (0.008) (0.039) (0.006) (0.044) 
Log household income(t-1) 0.1028*** 0.0001 0.0181 -0.1209*** 0.0210*** 0.0743*** -0.0012 -0.0941*** 

 (0.028) (0.013) (0.014) (0.031)  (0.005) (0.017) (0.003) (0.018) 
Rented house(t-1) 0.08957** 0.0149 0.0394 -0.1439** 0.0013 -0.0161 -0.0012 0.0159 

 (0.041) (0.025) (0.030) (0.062)  (0.006) (0.029) (0.004) (0.032) 
Marital status(t-1) -0.0157 -0.0443* 0.3895 0.0210  -0.0364*** -0.1139*** 0.0026 0.1477*** 

 (0.039) (0.023) (0.028) (0.056)  (0.009) (0.028) (0.005) (0.031) 
Own children(t-1)  0.0013 0.0216 -0.0009 -0.0219  -0.0078 -0.0371 -0.0032 0.0482* 

 (0.031) (0.019) (0.025) (0.046)  (0.005) (0.025) (0.004) (0.028) 
Born overseas  -0.0324 -0.0204 -0.0010 0.0538  0.0055 0.0135 -0.0029 -0.0160 

 (0.032) (0.021) (0.230) (0.048)  (0.005) (0.025) (0.004) (0.029) 
Remote region -0.0422 -0.0043 0.0160 0.0305  0.0070 0.0084 0.0028 -0.0182 

 (0.029) (0.018) (0.021) (0.043)  (0.005) (0.022) (0.003) (0.025) 
Average household income 0.1073*** 0.3279 0.0667*** -0.2068*** 0.0052 0.0223 0.0065* -0.0340 

 (0.038) (0.020) (0.025) (0.049)  (0.005) (0.025) (0.004) (0.028) 
Part-time -0.2147*** 0.1474*** -0.0421 0.1094  -0.0318*** 0.0750** -0.0088 -0.0343 

 (0.063) (0.034) (0.052) (0.093)  (0.009) (0.035) (0.006) (0.038) 
Self-employed -0.1771*** -0.0502 0.3981*** -0.1708** -0.0407*** -0.0856* 0.0471*** 0.0792 

 (0.053) (0.033) (0.044) (0.073)  (0.012) (0.052) (0.015) (0.056) 
Inactive -0.4146*** -0.0611 -0.0408 0.5165*** -0.0929*** -0.3744*** -0.0056 0.4730*** 

 (0.067) (0.039) (0.048) (0.098)  (0.018) (0.055) (0.011) (0.057) 
Standard errors in parentheses;  * p < 0.10, ** p < 0.05, *** p < 0.01    

 

 

 


