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Abstract 

 

What influences the probability that someone will leave unemployment? Informed by a search-theoretic 

framework and allowing for exits to not in the labour force and employment, this paper examines what 

influences the probability that somebody will leave unemployment. The unemployment data used are 

derived from the retrospective work history information from the first two waves of the Household, 

Income and Labour Dynamics in Australia Survey. The paper shows that variables that increase wage 

offers and lower reservation wages are associated with shorter unemployment durations, and that exit 

rates from unemployment appear to remain steady initially with duration before declining relatively 

sharply. 
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I  Introduction 

 

What influences the probability that someone will leave unemployment? Does the probability of exit 

from unemployment fall the longer somebody has been in unemployment? Is the negative relationship 

commonly observed between length of spell and exit probability related to “low exiters” remaining in 

unemployment, or due to unemployment being harmful for your labour market health? 

 

A number of authors have found that unemployment affects people’s happiness and life-satisfaction 

(Winkleman and Winkleman (1998) and Clark and Oswald (1994)), wages (Ruhm (1991)1 and 

Arulampalam (2001)), and probability of unemployment in future periods (Arulmpalam, Booth and 

Taylor (2000)). In addition, if unemployment is scarring, exit rates may fall as the current spell of 

unemployment lengthens (Machin and Manning (1999)).  While in this literature there are issues about 

whether unemployment causes worse outcomes (state dependence), or whether people with certain 

characteristics become unemployed (unobserved heterogeneity), there appears to be a general finding 

that unemployment has negative impacts on the people that experience it.  

 

While unemployment appears to be associated with worse outcomes, some unemployment experiences 

are short and singular, while others are repeated and longer. This paper investigates the variables 

associated with exits from unemployment using a duration modelling framework. The analysis enables 

us to see what characteristics are associated with exit from unemployment and to investigate, holding 

certain characteristics constant, how exit rates vary with duration.   

 

Owing to data limitations, research in Australia into unemployment spells using duration modelling has 

tended to be quite descriptive in nature or focus on demographic characteristics and limited labour 

market and personal characteristics (see Borland (2000), Chapman and Smith (1992), Brooks and 
                                                 
1 Ruhm (1991) specifically examined the impact of layoffs on future wages. 
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Volker (1986)). Outside the duration modelling framework, Knights et al (2002) use a random effects 

incidence methodology to examine state dependence and find evidence of negative duration dependence 

for youth in Australia. Hui (1991) estimates a structural model of the reservation wage for youths and 

found evidence to support positive duration dependence.2 

 

This paper makes three contributions to the literature. Firstly, it uses an important new longitudinal data 

source (Household, Income and Labour Dynamics in Australia (or HILDA) Survey) from a recent 

period to investigate the factors associated with exit from unemployment. In so doing it uses more 

flexible baseline hazards than have typically been used in unemployment duration modelling in 

Australia. 

 

Secondly, the paper examines several factors associated with unemployment exit that have not 

previously been examined in Australian research. In particular, employment experience, unemployment 

experience and risk aversion are included in estimation. Risk aversion is potentially important, given the 

job-seekers’ choice about whether to accept a certain wage offer in the current period (hence exiting 

unemployment) or wait for an inherently uncertain wage in a future period that may be higher (hence 

lengthening duration).  The third key insight that this paper offers is a discussion of a flexible 

underlying baseline hazard. Australian research in this area has typically assumed that changes in the 

hazard rate are monotonic and have not been flexible enough to allow for non-monotonicity.  

 

The first result from this paper is that factors expected to raise a person’s wage offers (such as 

employment experience) and lower their reservation wage (such as ineligibility for some benefits) are 

associated with higher exit rates from unemployment. The second result is that exit rates from 

unemployment do not fall with duration initially, but after a period of approximately four months they 

                                                 
2 This paper builds on both the Knights et al (2002) and Hui (1991) papers by including all people aged 15 years and over, including those people who flow 
from unemployment to not in the labour force in the ‘at risk’ group, allowing for more flexibility in the baseline hazard and using survival analysis.  
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then appear to decline by a large amount.  Because of this, modelling that assumes a monotonic 

relationship between spell length and exit rates will tend to under-estimate the decline in the hazard at 

longer durations3 (because it will be a weighted average of the declining and non-declining 

components).  The final key result is that, even with the number of variables used in the estimation 

presented here, they ‘explain’ less than one fifth of the decline in the baseline hazard. This suggests that 

either unobserved characteristics are potentially important or that some scarring is occurring.   

 

The remainder of this paper is structured as follows. Section II briefly describes the econometric tools, 

section III describes the data used, section IV gives the results from the full model and section V 

presents two extended models focusing on the role of risk and previous wages, section VI examines the 

baseline hazard and section VII provides conclusions. In Appendix I descriptions of the variables are 

provided. 

 

II Estimation of survival time models 

 

Survival data is used for the analysis in this paper. In the case of unemployment survival data, a person 

is observed to enter unemployment and the spell is observed until exit. Two key concepts are the hazard 

rate (the proportion of an ‘at-risk’ group that leaves a particular state over a reference period) and the 

survival rate (the proportion of the initial group that remains in the state at the reference period).  

 

I use a proportional hazards model, whereby explanatory variables move a baseline hazard up and down 

by a fixed proportion. The proportional hazard model takes the following form: 

 

                          hi(t)=h0 (t) exp (zi(t)’ β)                                  (1) 
                                                 
3 It should also be noted that the coefficients will also be affected by mis-specifying the baseline hazard and it may be reflected in the violation of the 

proportional hazards assumption. 
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where hi(t) is the hazard for person i, h0(t) is the common baseline hazard, zi(t) are the observable 

characteristics, and β and h0 are the parameters to be estimated. 

 

Two estimation methods with different assumptions about the baseline hazard are used to produce the 

results below. In the first estimation it is assumed that there is a common baseline hazard to all people, 

but the shape of the baseline hazard is not restricted to be of a certain shape (semi-parametric 

estimation).  In the second estimation the time axis is divided into a finite number of intervals and a 

separate baseline hazard parameter is estimated for each interval.  The approaches that are used are very 

flexible methods for estimating the baseline hazard, which avoid the problems associated with imposing 

a parametric functional form4.   

 

In the piecewise constant model, more intervals are preferred to less, all else equal, because it allows for 

more flexibility in the shape of the baseline hazard. However, to ensure meaningful estimates of the 

effect of intervals it is important to ensure there is sufficient sample size. Fourteen intervals are chosen 

to ensure that there are at least 40  exits per interval. The following intervals (in thirds of a month) 

employed are: 1,2,3,4,5,6,7-9,10-12, 13-15,16-18, 19-24, 25-30, 31-36, 37+.5  

 

The standard partial log likelihood function for the semi-parametric estimation (sometimes called the 

Cox regression) is used (see Lancaster (1990) for more details about the log likelihood functions given 

in this section): 

                                                 
4 Barrett (2000) (drawing from the literature) notes that misspecification of the baseline hazard is a major source of error in drawing inferences concerning 

both the presence of duration dependence and the impact of covariates.  
5 The number of nodes is less than the 21 intervals used by Barrett (2000), although Barrett (2000) had a sample size approximately 5 times larger. In 

addition the number of nodes is  more disaggregated than the 5 nodes used by Meyer (1990). The coefficients were unaffected by the use of the more 

disaggregated intervals (results available from author). However, the estimates of the baseline hazard were significantly more noisy with less aggregated 

data. 
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The independent competing risks framework is used to examine exits to employment separately from 

exits to not in the labour force. It is assumed that there are two latent survival times, one for 

employment and one for not in the labour force, and the destination observed is the minimum of the 

latent survival times.  With this assumption, exits from unemployment to not in the labour force are 

treated as censored spells for exits to employment in estimation.6  The results should be interpreted in 

the light of this assumption. The likelihood functions in equations (2) and (3) are used for estimation.  

 

                                                 
6 In the discrete setting it is possible to undertake estimation with a variety of assumptions about how risk of exit may vary within discrete periods (see 

Narendrenathan and Stewart (1993)). In addition it is possible to assume that risks of exits are dependent (i.e. that the unobserved heterogeneity terms are 

correlated) – see Lancaster (1990) for more details. However, these assumptions are beyond the scope of this paper.  
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An assumption of the independent competing risks framework is that the risk of exit to employment and 

not in the labour force are independent, conditional on the covariates. Because the result is conditional 

on the covariates, if the model is well-specified, then this assumption is not particularly strong, because 

the included covariates are effectively controlled for. Two points should be noted regarding the  

independent competing risks assumption. Firstly, because most exits are to employment, the size and 

significance of the coefficients are similar when all exits from unemployment are examined to when 

only exits from unemployment to employment are examined. Secondly, as Lancaster (1990) notes for 

every model with dependent risks there is an observationally equivalent model with independent risks. 

 

In estimation below unobserved individual level heterogeneity is allowed for. The method suggested by 

Heckman and Singer (1984) is used, whereby the unobserved heterogeneity distribution is estimated 

non-parametrically by a discrete multinomial distribution. 

 
 
III Household, Income and Labour Dynamics in Australia (HILDA) Survey 

 

The data used for this study are from the HILDA panel database. The survey is primarily administered 

in the second half of each year, with the first wave being collected in the second half of 2001. Currently 

two waves of data are available (2001 and 2002) and it is expected that the third wave will become 

available in early 2005. In wave 1, 7682 households were sampled comprising 13,969 members.  The 

HILDA survey has a wide variety of variables on health, family background, work history, 

demographics and educational and training history, which allows us to control for some heterogeneity. 

 

The data used for the analysis of spells in the HILDA database is drawn from a calendar. In this 

calendar the respondent is asked to provide their employment status in thirds of a month over the past 

12-18 months (depending on when the interview takes place). The unit of analysis for the remainder of 



 7

the paper is thirds of a month.  From table 1 (see results in appendix 2) the sample has 2402 spells of 

unemployment, with 1542 exits to employment or not in the labour force (referred to as fails) and 860 

spells where the end of the spell is not observed in the sample period (in other words the spell is right 

censored7). Out of the 2402 spells, 1757 of these spells begin during the sample period, 471 spells are 

left censored (for a description see sub-section (ii) of section III) and 174 spells are left truncated (also 

see sub-section (ii) of section III). 

 

Figure 1 presents the raw hazard rates.  There is a general decline in the hazard rates over time, from 6-

9% at the start of the spell to 2-5% after 6 months. Note that the further out the hazard over analysis 

time, the less reliable the estimate and thus any conclusions about the peak after 75 periods (2.1 years) 

should be tentative.  Another interesting point from figure 1 is the saw shape in the lines. That is there 

are peaks in the hazard rate after 3 periods (1 month), 6 periods (2 months) and so on. This most likely 

reflects the nature of the questions in HILDA and the fact that they were based on recall. 

 

(i) Can the calendar data from different interview dates be joined successfully?  

 

Ideally calendars reported at different interview dates (i.e. the wave 1 and the wave 2 interview dates) 

would always be consistent and there would be no large out-flow at the time of the join (the point where 

the calendars in wave 1 and wave 2 intersect). However, from figure 2 there is a considerable issue at 

the join, with a large fall in the number of people who remain unemployed and large increases in the in-

flow and out-flow from unemployment. The number remaining unemployed falls from 500 per period to 

                                                 
7 While left censoring is a key issue in duration analysis, right censoring is less of an issue. This is because as long as right censoring is random (i.e. the 

probability that a spell of length t’s  exit will not be observed is random) then the spells enters into the denominator of time at-risk at each period, but 

because the spell is not observed to end, the spell never enters the numerator for spell end. Or in the likelihood function the survival term (rather than the 

density term) is included in the likelihood function.  
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approximately 250 at the join, while the in-flow and out-flow to unemployment increase from less than 

50 to nearly 250 per period at this time.  

 

Approximately half of the unemployment periods recorded between July and November 2001 were 

reported inconsistently between waves 1 and 2 (there is an overlap between the calendars of wave 1 and 

wave 2 of up to 5 months – ‘the seam‘ - where the consistency of answers between interview dates can 

be checked).  Twenty-seven percent of people gave answers between waves that were never consistent 

(where the categories are unemployment and not unemployment), 40% of people were consistent the 

entire time and the remaining 1/3rd were consistent for between 1 and 8 of the 9 periods examined.  

 

Fortunately the seam and join issues are resolved in a relatively straightforward manner. The basic rule 

applied to the seam is that the data reported closest to the interview data is used when there is some 

inconsistency (assuming that recall is better over shorter periods than longer periods). More 

importantly, where greater than 20% of observations are inconsistent between interview dates for times 

in the calendar, the spells reported in wave 1 and wave 2 are treated separately (because the quality of 

the join is considered too low). When this rule is applied the problem of the large in-flow and out-flow 

at the join is resolved. 

 

(ii) Are there issues with left censoring and left truncation? 

 

Left censoring occurs when the first observation of the spell is sometime after it has begun, but it is not 

known how long the spell has been going when it is observed. The problem with left-censored 

unemployment spells is that their characteristics may be quite different to other unemployment spells. 

One possibility is to exclude the left censored data from analysis and under-take analysis with the 

inflows to unemployment. Another possibility is to use stock sample techniques to include the data (see 
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Lancaster (1990)). However, stock sampling is not examined in most unemployment duration studies 

and is beyond the scope of this research.  

 

Left truncated data are where the spell does not begin in the scope of the calendar, but the date it began 

is known. These data are included in the likelihood function here as the conditional probability of exit 

given the spell has lasted to length x (see Lancaster (1990)).  In HILDA, the start date is available for 

spells that are in progress at the wave 1 interview date (15-18 months after the beginning of the 

reference period).  If the spell began prior to the reference period and is continuous until the wave 1 

interview date then the spell start date is available (left truncated data). Otherwise, if the spell began 

prior to the reference period and finished before the interview date then the start date is not available 

(left censored data). Because of this distribution between left censored and left truncated spells, the very 

longest spells in HILDA are likely to be primarily left truncated rather than left censored. 

 

(iii) What variables are included in the analysis? 

 

Explanatory variables available in HILDA related to wages include educational background, 

employment experience, location, country of birth, long term disability, parental employment status 

(which may affect opportunities and preferences for human capital) and previous unemployment 

experience. Explanatory variables available related to non-wage income (through intra-household 

income sharing and government transfers) and therefore reservation wages8 include marital status, 

children, disability and location. 

 

                                                 
8 A reservation wage variable for the stock of unemployed is collected in HILDA at the interview date.  However, these data are not used because the 

sample of reservation wages for the inflow to unemployment is too small and because the reservation wage variable is endogenous to the unemployment 

experience and thus it is not appropriate to use this reservation wage variable for estimation with the stock of unemployed (given their varying 

unemployment durations). 
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A number of the explanatory variables may be endogenous. Therefore it is important to use other 

information from the survey to backcast the variable to prior to the beginning of the spell. Back-casting 

is only done for spells that begin prior to the wave 1 interview date, otherwise the variable is as at the 

wave 1 interview date. Location is one example of a time varying endogenous variable. People living in 

high unemployment areas may be less likely to find work and the unemployed, who may have less 

income, may move to areas with cheaper housing but where there are fewer job prospects. HILDA has a 

question that asks how long has the respondent lived at their current address and using this information 

it is possible to confirm their location prior to the unemployment spell and partially overcome this 

endogeneity issue. Other variables treated in this fashion are number of children, marital status and 

employment and unemployment experience.9 

 

It is not possible to back-cast the risk-aversion and lagged wage variables, which are potentially 

endogenous. In specifications that include these variables, the sample is restricted to include spells 

beginning after the wave 1 interview date (when the data are collected). A number of variables are 

primarily time invariant over the short period studied or not endogenous to unemployment and therefore 

they are recorded as at the wave 1 interview date. These variables are educational qualifications, 

parental employment status, sex, country of birth and disability. 

 

Dummies to control for the time of interview are also included. A dummy variable indicates if the spell 

began in wave 1, and two dummy variables indicate what part of the duration month the spell ended 

(monthly reporting dummies), to control for the saw shape in the raw hazard (see above). 

 

                                                 
9 Where a person moves location it is not possible to give their previous location, for this group a missing location is given. However, it is possible to back-

cast children, marital status, and employment and unemployment experience. 
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IV Estimation of full model 

 

The primary focus of this paper is what affects the probability that someone will move from 

unemployment to employment. A common theoretical framework to investigate this issue is the search 

framework. In this framework, an individual sets a reservation wage (based on costs and benefits of 

search and unemployment), draws offers from a wage distribution and accepts offers above the 

reservation wage and declines offers below the reservation wage. Thus, the higher the wage offers 

relative to the reservation wage the higher the exit rate, and alternatively, the lower the reservation wage 

relative to the wage offers the higher the exit rate.   

 

The proportional hazards competing risks framework is used in estimation (see section II). The results 

from the piecewise baseline hazard (with and without unobserved heterogeneity) and the Cox 

estimations (see table 2) are presented here. These three sets of results are presented to show the 

robustness of the findings to alternative assumptions about the baseline hazard and because these 

estimations allow for more flexibility in the baseline hazard. The results from all estimations presented 

are consistent and in most cases the signs and levels of significance agree.  

 

The coefficients are presented as hazard ratios. So a coefficient of, for example, 0.5 for a dummy 

variable is interpreted as lowering the exit rate from unemployment to employment by a half. For a 

continuous variable, a coefficient of 0.5 implies a unit change in the variable is associated with a hazard 

rate 1/2 as large and an n unit change in the variable is associated with a hazard rate (1/2)n as large. 

 

 The preferred specification is the Cox partial likelihood estimator because, firstly, it does not rely on 

the restrictions of the baseline hazard. Secondly, the tests for violation of the proportional hazards 

assumption (see below) indicate that the wave 1 dummy and the monthly reporting dummies violate the 
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proportional hazards assumption. The most convenient way to deal with this violation is with the Cox 

partial likelihood estimator stratified by wave1 and the monthly reporting dummies10.  

 

The results described in this section are presented in table 2. There are 769 exits to employment and a 

total of 1400 spells overall for the continuous time models and 1396 spells for the discrete estimation 

(because the left truncated data are excluded).  Looking at the means of the variables in the estimation11, 

54% of the spells are for males, 75% of the spells are for Australian born people, 16% are for people 

with university qualifications, 11% are experienced by people who have spent 25% of their work 

experience in unemployment (see column 4 of table 2). 

 

(i) What impact do ‘wage’ variables have on exit rates to employment? 

 

The first main result is that variables expected to increase wages are associated with higher exit rates 

from unemployment to employment (results from the preferred specification are presented in 

specification 1 in table 2). In particular, variables expected to increase wages through human capital and 

productivity enhancement or screening (employment experience and university qualifications) are 

associated with higher exit rates to employment.  

 

The productivity variables would be expected to increase the exit rates to employment because they 

increase the expected returns from working relative to not working. While they also increase the 

reservation wage (because they are associated with higher future earnings), Mortenson (1986) shows 

                                                 
10 The saw shape presented in the earlier hazard curve in figure1 was held constant by dummy variables. It is not possible to stratify the parametric 

estimators by the monthly reporting dummies because this would result in discontinuities in the baseline hazard. It is possible to interact survival time with 

the monthly reporting dummies to overcome the violation, but initial interactions with the parametric estimator did not resolve the proportional hazards 

violation.  

11 These means were calculated for the continuous time sample, but there is little difference in the means for the discrete time sample (because of the large 

overlap between samples). 



 13

that variables expected to increase the wage are associated with shorter unemployment spells. 

Employment experience and university qualifications significantly increase the exit rate to employment 

at the 1% level of significance. 

 

Having university qualifications increases the exit rate by 40% and shortens the median duration by 

approximately 40%12.  One year of extra work experience increases the exit rate by 6%, while 10 years 

of  extra work experience increases the exit rate by 72%. It should be noted that the addition of more 

work experience increases the exit rate at a decreasing rate (because the hazard rate of the square of 

employment experience is less than 1). 

 

Being born in a non-English speaking country (“non-English speaking COB”) is associated with lower 

exit rates from unemployment to employment. People born in non-English speaking countries may have 

problems with communication and culture (that may affect productivity or discrimination). Either way, 

this variable would be expected to lower wages and thereby lower exit rates from unemployment to 

employment. This variable significantly reduces the exit rate at the 5% level. The exit rates from 

unemployment to employment increase as people born in non-English speaking countries spend more 

time in Australia (although not significantly at the 5% level). Overall, being born in a non-English 

speaking country is associated with lower exit rates from unemployment initially, but as the immigrant 

spends more time in Australia the size of this effect diminishes.13  

                                                 
12 The change in the median duration was calculated from the survivor function for the Cox estimation for a change from school qualifications to post-

school qualifications. The effect of the variable on median duration may be sensitive to the value of the covariates. The covariate values are as follows: men, 

aged 40 years, with 5 years work experience, Australian born, with no disability, unmarried, in wave 1, with 25% unemployment experience (38.2% drop in 

median duration) and without 25% unemployment experience (39.9% drop in median duration).  
13 It may be expected that  foreign born people would have a lower reservation wage and that this may swamp the effect of lower wage offers on the exit 

rate. However,  the odds ratio is less than 1 for being born in a non-English speaking country (indicating empirically that being in a non-English speaking 

country is associated with a lower exit rate, at least initially). In addition, when we examine the affect of number of years in Australia for those people born 

in a non-English speaking country (this variable takes a value of 0 for all people not born in a non-English speaking country) on the exit rate, we see that 

this variable is greater than 1, indicating that for each year spent in Australia  that there is a higher associated exit rate from unemployment. 
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The impact of disability on wages is likely to be both through productivity (if disability affects 

performance) and discrimination. As with the other wage variables, disability takes the expected sign 

(having a disability lowers the exit rate). The coefficient on disability is significant at the 1% level of 

significance.  Disability lowers the exit rate from unemployment to employment by 28% per period and  

increases the median duration by approximately 70%14.  

 

(ii) What impact do non-wage income variables have on exit rates to employment? 

 

The second main result is that variables associated with higher non-wage income (and hence higher 

reservation wages) are associated with lower exit rates from unemployment to employment. Two key 

sources of non-wage income are government transfers and intra-household income sharing. Two groups 

that in general receive higher Government transfers are people with children and people with 

disabilities.15 Thus, these variables would be expected to be associated with lower exit rates (although 

these variables may also affect exit rates through productivity as well). 

 

Having children for women and having a disability are both associated with lower exit rates from 

unemployment to employment16. This result is consistent with higher reservation wages being 

associated with lower exit rates from unemployment to employment. There is very little impact for men 

                                                 
14 A description of the covariates used for this calculation is given in footnote 12.  

15 To give an historical example of relative benefit levels, according to the Department of Family and Community Services, in the year to June 2001, the 

“Disability Support Pension” and the “Parenting Payment Single” benefit were A$402 per fortnight, while the “NewStart Allowance” (unemployment 

benefit) was A$322 per fortnight. Figures are for people aged 21-59 years living away from home. In addition, parents with children may be eligible for 

supplementary family payments and all benefit recipients may be eligible for rent assistance and other miscellaneous supplementary payments. 
16 The lower exit rates from unemployment to employment for women with children and people with disabilities may also be related to lower wages offered 

to these groups (potentially because of discrimination). 
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having children, perhaps suggesting that men have less access to the non-wage income associated with 

children.  

 

People who are married would be expected to have greater access to non-wage income. There is no 

impact of marital status on the exit rate, although this may be related to non-observable characteristics 

of married people increasing the exit rate and swamping the reservation wage effect.  

 

(iii) Does past unemployment experience affect exit rates to employment? 

 

Lagged duration dependence is now examined, that is, does previous unemployment affect the exit rate 

in the current spell. Lagged duration dependence may occur because of discrimination against people 

with unemployment histories, and because of erosion of human capital and work habits, that all in turn 

lower wage offers and hence result in lower exit rates from unemployment. 

 

The results from this estimation are consistent with unemployment experience before an individuals’ 

current spell lowering the exit rates from unemployment to employment. This result is significant at the 

5% level. The coefficient indicates that past unemployment experience lowers the hazard rate by 27%.17  

This result holds employment experience constant. The combined effect of being out of work and 

unemployed is the combined effect of the “lagged unemployment” and the “employment experience” 

variables. Thus, there is an effect from not accumulating human capital on the job, as well as a separate 

negative impact from being unemployed and so the total impact would be larger than 27% (because it 

would need to take account of the loss in employment experience as well). 

 

                                                 
17 The lagged unemployment experience variable is an indicator variable. If a person spent more than 25% of their time since formal schooling (prior to their 

current spell of unemployment), in unemployment then the explanatory variable takes a value of 1, otherwise the variable takes a value of 0. 
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While there is evidence of lagged duration dependence, unobserved characteristics (such as unobserved 

motivation) may be correlated with both past unemployment experience and exits from unemployment 

in the current spell. Therefore, in this case it may be that unobserved characteristics, rather then 

previous spells of unemployment, are associated with lower exit rates from unemployment. The key 

question for research then becomes did the characteristics develop over the previous unemployment 

spell, or did they exist prior to the beginning of that previous spell?  

 

(iv) How robust are the results? 

 

Firstly, when evaluating the robustness of the models in section IV, the joint wald test of all coefficients 

equal to 0 is rejected at the 0.1% level of significance in all estimations in table 2.   Now turning to the 

results from some residual analysis, the Cox model fits the data well at short durations (plot available 

from author on request).  

 

The test of the proportional hazards assumption (using the Schoenfeld residuals) indicates the 

assumption is violated in the non-stratified estimation (also available from author on request). In 

particular, the reporting (to deal with the systematically different exit rates for different parts of the 

month) and wave 1 dummies (takes a value of 1 if the spell begins in wave 1) appear to exhibit 

significant non-proportionality. Stratification by wave1 and reporting dummies in Cox partial likelihood 

estimation has been undertaken to control for this.18 When estimation is stratified by the reporting and 

wave 1 dummies, the proportional hazards assumption is no longer violated. Hence the Cox estimation 

stratified by wave1 and reporting dummies is the preferred estimation. 

 

                                                 
18 With stratified estimation the baseline hazard is allowed to vary for different values of the variable, but the coefficients on the other variables are the same 

across different values of the stratification variable. 
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Investigation of the martingale residuals undertaken did not point to any major issues with the 

estimation. A test for whether the male and female data should be pooled was taken and it was found 

that the coefficient on the interaction between male and children was statistically significant at the 1% 

level. However, it was also found that the joint test of significance of the other interactions between 

explanatory variables and male was not accepted at the 20% level of significance. Hence, in estimation 

the data are pooled but an interaction term between male and children is included.  

 

(v) How do these results compare to earlier results from the literature? 

 

The results presented in section IV are consistent with the findings presented in Borland’s (2000) 

review of the Australian literature. In general, exit rates to employment are positively related to 

educational attainment and job experience and negatively related to non-wage income and reservation 

wages19.  

 

One interesting and different result from the earlier literature is that when employment experience is 

added to the estimation, age becomes insignificant. This suggests that impact of this demographic 

characteristic on exit rates may be through the impact on employment experience, rather than through 

another transmission mechanism. Another interesting result from this paper is that past unemployment 

is associated with a lower hazard rate. 

 

                                                 
19 Using a similar base category to Chapman and Smith (1992), a coefficient of 0.356 on educational qualifications is found and 0.470 on being Australian 

born (as opposed to being born in a non-English speaking country). Chapman and Smith (1992) find a coefficient of 0.272 on educational qualifications and 

0.298 on being Australian born. The differences in size can be explained by the slightly different definitions used in the two papers and the positive 

coefficient on time spent in Australia for people born in non-English speaking countries in the current paper.  
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V Inclusion of lagged wage and risk variables in analysis 

 

The results presented so far have provided confirmation that variables associated with higher wages and 

lower reservation wages are associated with increased exits from unemployment to employment. To get 

a more detailed understanding of the other factors that may be associated with exits from unemployment 

to employment the results of two extended models that use additional variables from the wave 1 

interview are now presented (see table 3). Because these variables are potentially endogenous to the 

unemployment experience these extended models are estimated only on a sub-sample including only 

spells starting after the wave 1 interview date.  

 

The first additional variable included is a measure of financial risk. The risk-seeker variable is derived 

from question C6 in the self completion HILDA questionnaire. Where a person answers that they take 

substantial or above average financial risks then the variable takes a value 1, otherwise the variable 

takes a value of 020. Six percent of the unemployed classify themselves as above average risk-seekers.  

 

The second additional variable included is wages earned in the year prior to the wave 1 interview date. 

The mean lagged annual wage is A$14,060 (this includes people who had no earned income over the 

previous year).  The percentage of the year worked is also included to examine the wage effect 

separately from the % of year worked effect.  

 

Because risk and lagged wages are only available for analysis after the wave 1 interview, and because 

over half of the unemployment spells in the calendar begin prior to the wave 1 interview date, the 

sample size is reduced in these estimations. For this reason more caution should be used in interpreting 

                                                 
20 While this risk variable may not be correlated with general risk-seeking behaviour (such as views regarding speeding), it is likely to be relevant to 

decisions about whether to decline earnings in the current period, for potentially higher earnings in the future. 
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the results. The results presented in this section are again presented in hazard ratio format. The number 

of cases is given towards the bottom of table 3. 

 

The means of the variables for the extended models with the smaller sample are presented in column 5 

of table 3. The means of all the variables (university qualifications, marry, disability, employment 

experience and lagged unemployment) are similar between tables 2 and 3.  

 

With the restricted sample a key question is whether the alternative sample leads to different results for 

the standard model. The major difference between the standard models in tables 2 and specification 1 of 

table 3 is the coefficients are less precisely estimated as the standard errors are larger in table 3 (because 

the estimations in table 3 have a smaller sample size). In particular, the employment experience variable 

and the male variable become insignificant.  However, overall the results from earlier estimations stand.  

 

(i) Does a person’s view of risk affect their exit rates to employment? 

 

Whether or not risk plays a role in the rate of exit from unemployment to employment is now 

investigated. Risk-seekers may be more likely to decline a certain wage offer in the current period, for 

the possibility of a higher uncertain wage offer in the future. Risk seekers would be expected to have 

lower exit rates from unemployment to employment (holding other characteristics constant) because 

risk-seekers may be more likely to turn down wage offers. But, on the other hand, this may have higher 

post unemployment wages. 

 

Risk seekers are more likely to be male (68% compared to 52%), with greater income (37% earned 

more than $30,000 in the previous year compared to 25% of non risk seekers), university educated 
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(24% compared to 13%) and with more employment experience (41% with more than 20 years 

employment experience compared to 33% of non risk-seekers).  

 

Specification 2 from table 3 presents the results from the estimation when the risk–seeker variable is 

included in estimation. The coefficient on the risk-seeking variable is less than 1 and therefore indicates, 

as expected, that people who are prepared to take financial risks are more likely to delay their exit from 

unemployment to employment to wait for a higher wage offer (hence they have a lower exit rate)21. This 

result is not significant at the 5% level of significance, although the z statistic is 1.80 (however, when 

the lagged wage variable is added in the next section, the risk variable becomes significant at the 5% 

level). This result suggests that on the supply-side, a key issue is how the unemployed view future wage 

offers (and in turn how they view risk and uncertainty).  

 

To the author’s knowledge there appears to have been very little, if any, consideration of risk aversion 

in the literature. However, given the possibility that perceptions of risk may influence the choice about 

whether to accept a certain wage offer in the current period or to decline and wait for an uncertain, but 

potentially higher, wage in a future period, this may be an interesting area of future research.  

 

(ii) Does last year’s wage explain the variation in exit rates? 

 

The role that previous wages may have on exit rates from unemployment is now investigated (see 

specification 3 from table 3). This variable may be correlated with the wage distribution that people face 

in the current period. Both period’s wage distributions are likely to be affected by the same unchanging 
                                                 
21 As with other variables in analysis, the risk seeker variable may be picking up unobserved characteristics that may be related to exit rates from 

unemployment. Notably, unemployed people who are financial risk-seekers may be more likely to have greater wealth (see risk-seeker characteristics 

above), and hence have higher reservation wages and lower exit rates. An alternative measure of risk-seeking behaviour is whether a person has ever 

smoked. This was included in estimation and while it was associated with a lower hazard rate, it was not found to be significant. Another point to note is 

that the risk-seeking variable is measured at the start of (or prior to) the spell and thus the length of spell will not affect the risk-seeking variable.  
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unobservable characteristics, although some other characteristics may change somewhat between years. 

This gives a further indication of the role that wage offers play in unemployment duration, beyond the 

indicators presented in section V. As noted above, the percentage of the year that individuals work is 

included, to control for the wage effect separately from the percentage of the year worked effect. 

 

The coefficient on wages earned in the previous year is significant at the 1 percent level and indicates 

that the higher the wage earned in the previous year (holding the % of the year worked constant), the 

higher the exit rate from unemployment. If there is a high correlation between last year’s wage offers 

and this year’s wage offers, then this coefficient is consistent with higher wage offers being associated 

with higher exits from unemployment. 

 

Interestingly, when this wage history variable is included, the coefficients on most of the wage-related 

variables (university qualifications, disability, employment experience) become insignificant at the 5% 

level and become smaller in sign (or switch sign). These correlations between wages in the previous 

year, exit rates to employment and the wage related variables provide further evidence that these 

variables affect exit rates through the wage offer distribution.  

 

To check if the drop in significance is caused by near multi-collinearity between the lagged wage 

variable and the wage related variables the correlation coefficients were examined. There are high 

correlations between age and experience, and relatively high correlations between “lagged wage” and 

“employment experience” (but still a pairwise correlation coefficient of less than 0.5). Overall, the 

pairwise correlation coefficients do not indicate a problem with near multi-collinearity.      

 



 22

VI The underlying baseline hazard 

 

A usual finding when negative duration dependence is observed is that it is not possible to distinguish 

whether longer spells result in lower exit rates, or whether there is unobserved heterogeneity leading to 

‘low exiters’ remaining in unemployment for longer. However, the shape of the baseline hazard is 

important, because falling exit rates by duration (holding characteristics constant) indicate that 

unemployment has a scarring effect, which suggests adjustment may come with medium-term costs. 

One additional point to note is that steady exit rates with duration may occur because of factors 

offsetting unemployment scarring effects22. 

 

(i) Do hazard rates from unemployment to employment decline with duration? 

 

The results from this paper show that the exit rates from unemployment to employment do not initially 

appear to decline with duration (for the first four months), but then hazard rates appear to decline 

relatively sharply. 

 

Figure 3 shows the baseline hazard curves for the raw data, the Weibull, the piecewise constant (and the 

confidence bands for the piecewise constant hazard). The Weibull has been the more traditional of the 

measures to examine the baseline hazard in Australia, however, because it summarises duration 

dependence into one parameter, interest in this measure has waned. The preferred measure of the time 

pattern of hazard rates is the piecewise constant hazard, which shows an initially flat hazard curve 

before declining relatively sharply after four months. However, it should be noted that the only 

statistically significant time parameter is on the one year+ duration effect. 

                                                 
22 Machin and Manning (1999) highlight that the presence of unemployment benefits that decline with duration and active labour market policies targeted at 

long-term unemployed (amongst other factors) may lead to rising exit rates with duration. Thus, even minimal observed negative duration dependence may 

be associated with scarring effects of unemployment (because scarring is off-set by institutional factors). 
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The sharp decline in the hazard rate after four months may reflect unobserved heterogeneity or state 

dependence effects23. Thus, as stated above, there is interest in understanding whether the heterogeneity 

developed prior to the start of the spell (unobserved heterogeneity), or during the spell itself (state 

dependence). If there is state dependence, the policy response (if any) will be determined by the drivers 

of the state dependence (human capital depreciation, discrimination by employers, or discouragement).  

 

The non-monotonic hazard may occur because people are more likely to forget short spells of 

unemployment (<1 month). If the issue is a reporting one then the ‘true’ distribution may be monotonic 

(and a Weibull baseline hazard potentially could be used). However, estimation should then take this 

into account and investigation has shown that the estimates of the Weibull shape parameter are sensitive 

to the inclusion of the first two periods data24.  There may also be genuine reasons to believe that there 

is flat hazard rates at the beginning of a spell. One example is that job search may require some learning 

(for example CV creation, identification of employers to approach) and thus people’s job search may 

initially improve (leading to an initially rising hazard rate), before any negative effects of long-term 

unemployment occur.  

 

(ii) How much of the decline in the hazard is explained by the covariates? 

 

The previous sub-section showed that in general there appeared to be a downward slope in the baseline 

hazard after four months of elapsed duration, but it is not possible to know whether this shape is 

because of state dependence or unobserved heterogeneity. A natural next question is how much of the 
                                                 
23 One method to control for the unobserved heterogeneity is to integrate it out by restricting the distribution of the unobserved heterogeneity to be of a 

certain shape. Some studies have concluded that restricting the unobserved heterogeneity distribution is very sensitive to the restrictions used and is not 

necessarily better than excluding the term where a flexible baseline hazard is used (see Narendranathan and Stewart (1993) and Boheim and Taylor (2000)). 

24 Where the first 2 periods of data  are excluded the implied fall in the exit rate between 1 month and 12 months is 48% compared to 19% when the first 2 

periods of data are included. 
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falling hazard rates were explained with the variables included in the estimation with a piecewise 

constant baseline hazard.  

 

Given that demographic information, unemployment history, educational qualifications, whether 

Australian born and a variety of family variables were included, it may be expected that a significant 

part of the variation would be explained. On the other hand it may be that the unobserved characteristics 

(such as motivation, natural ability) are important drivers of the wage distribution and of exit 

probabilities.  

 

Observed characteristics explain less than 15% of the decline in the hazard rate observed between 1 

month and 12 months in the piecewise constant model (see table 4). Table 4 shows how the baseline 

hazard varies with duration. Using the duration parameters from the piecewise baseline hazard without 

covariates the hazard declines by 46% over the first six months and a further 27 percentage points over 

the second six months, while when covariates are added the hazard declines by 42% over the first six 

months and a further 23 percentage points the second six months25. The large component of the decline 

in the hazard rate that is not explained by observable characteristics suggests either that unobservable 

characteristics are particularly important, or that some scarring is occurring as well as some unobserved 

heterogeneity.  

 

This result highlights that, even holding constant employment experience, qualifications, previous 

unemployment experience and other factors, there is a large difference in exit rates between people at 

longer durations than those at shorter durations. This also highlights how large the unobserved 

component would have to be for there to be no real fall in the hazard rate with duration. 

 

 
                                                 
25 Note that the value of the hazard will vary with the values of the covariates, but the relative decline in the hazard will be constant across estimates. 
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VII Conclusion 

 

This paper found that variables associated with increased wages are associated with higher exit rates 

from unemployment to employment. These wage variables include employment experience, educational 

qualifications. It was also found that variables expected to lower wages (through impacts on 

productivity or discrimination) are associated with lower exit rates (non-English speaking COB, 

disability, lagged unemployment). Variables that may be associated with increased non-wage income 

(children, disability), and thus higher reservation wages, are associated with lower exit rates from 

unemployment. Reassuringly, results were robust to a variety of different estimation methods and 

specifications. 

 

It was found that people who are risk-seekers were more likely to experience longer spells of 

unemployment. This finding is consistent with risk-seekers being more likely to decline a certain 

current wage for a potentially higher future uncertain wage. This is an interesting result that deserves 

further investigation, because the key decision a job seeker may face is the choice about whether to 

accept a certain wage offer in the current period or to decline and wait for an inherently uncertain wage 

in a future period. 

 

It was also found that the piecewise constant hazard indicated that the shape of the hazard curve may be 

flat at shorter durations, before declining after four months, as illustrated by the piecewise constant 

baseline hazard. Finally, while the duration dependence observed may be the result of unobserved 

heterogeneity or state dependence, the paper showed that less than one fifth of the decline in the hazard 

observed is explained by the inclusion of explanatory variables. This suggests that either unobserved 

characteristics are potentially important or that some scarring is occurring.   
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Appendix I: Variable descriptions 
 
Variable Description26 
Age If spell begun prior to calendar then age at wave 1 interview date minus 2,  if spell begun prior to 

wave 1 interview date then age at wave 1 interview date minus 1, If spell begun after wave 1 
interview date then age at wave 1 interview date minus 1. 

Wave 1 =1 if spell begun in wave 1 calendar, =0 otherwise. 
Male =0 for female, =1 for male 
Regional 
unemployment 

regional unemployment rate (where region is capital city versus rest of state).  

SES decile Regional SEIFA 2001 Decile of Index of relative socio-economic disadvantage. Refers to the 
region the person was immediately prior to beginning spell. Where the person moved between 
unemployment spell begin date and interview date the data will be missing. Regional 
disaggregation is finer than that used for regional unemployment. 

Non-English speaking 
COB 

=1 if born in a non-English speaking country, =0 otherwise  

Length resident (non-
Eng) 

Length of time spent in Australia for people born in non English speaking countries. 

English speaking COB =1 if born in an English speaking country (ex. Australia),  
=0 otherwise 

Length resident (Eng) Length of time spent in Australia for people born in English speaking countries (excluding 
Australia). 

Non-university qual =0 if no qualifications recorded,  
=1 if non university qualifications recorded 

University qual =0 if no university qualifications, =1 if university qualifications recorded 
Father’s unemploy 
status 

=0 if father not unemployed for a total of 6 months growing up 
=1 if father not unemployed for a total of 6 months growing up 

Mother’s employment 
status 

=0 if mother not in employment when respondent aged 14 years 
=1 if mother in employment when respondent aged 14 years 

Children Number of children as at the beginning of unemployment spell. Note: children’s age at the 
interview date was used in calculation 

Marry Marital status as at the beginning of the unemployment spell (either married/ de facto married, or 
not married) 

Disability =0 if no long term disability recorded at wave 1 interview 
=1 if long term disability recorded at wave 1 interview 

Employment 
experience 

Number of years in employment prior to unemployment spell 

Employment 
experience2 

Number of years in employment squared prior to unemployment spell 

Lagged unemployment =1 if person spent more than 25% of time since school in unemployment 
=0 otherwise 

Age2 Age squared 
Male*children Interaction between male and number of children 
Male*father Interaction between male and father’s unemployment status 
mark1 Observation recorded in first third of month 
mark2 Observation recorded in second third of month 
Lagged wage Respondents wage (in thousands) in year prior to 1st interview date 
% past year in job % of the past year that the respondent has been in paid employment (asked at wave 1 interview 

date) 
Risk-seeking =1 if respondent takes substantial or above average financial risks 

=0 otherwise 
(asked at wave 1 interview date) 

 

                                                 
26 As at wave 1 interview date unless otherwise specified. 
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Appendix II: Results 
 
Table 1: what proportions of spells are affected by left censoring/ left truncation (unit: spells) 
 No fail Fail Total 
Left truncated 122 52 174 
Left censored 92 379 471 
Begin in scope 646 1,111 1,757 
Total 860 1,542 2,402 
 
Figure 1: Raw hazard rate over time  
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Figure 2: Numbers entering, staying and exiting from unemployment 
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Table 2: Affect of covariates on exit rates – Exits to employment - hazard ratio 

 

(1) 
Cox partial 
likelihood 

(2) 
Piecewise 
w/out 
hetero. 

(3) 
Piecewise 
with 
hetero. 

 
Means for 

specification 
(1) 

Male 0.825* 0.774* 0.659** 0.54 
 [2.08] [-2.53] [-2.85]  
Non-English speaking COB 0.678* 0.547** 0.427** 0.14 
 [2.02] [-2.91] [-2.59]  
English speaking COB 1.318 1.304 1.132 0.11 
 [1.56] [1.34] [0.43]  
Length resident (Eng) 0.992 0.994 0.992 3.69 
 [1.08] [-0.74] [-0.64]  
Length resident (non-Eng) 1.006 1.015 1.022 2.27 
 [0.78] [1.53] [1.40]  
Non-university qual 1.007 0.971 0.912 0.44 
 [0.11] [-0.39] [-0.85]  
University qual 1.398** 1.396** 1.842** 0.16 
 [3.69] [3.24] [4.24]  
Father’s unemploy status 1.278 1.163 1.112 0.13 
 [1.76] [0.92] [0.47]  
Mother’s employment status 0.941 0.926 0.971 0.44 
 [0.86] [-0.99] [-0.26]  
Children 0.812** 0.753** 0.739** 1.19 
 [4.17] [-5.31] [-4.30]  
Male*children 1.233** 1.326** 1.292** 0.60 
 [3.55] [4.54] [2.98]  
Male*father 0.717 0.818 0.821 0.07 
 [1.80] [-0.93] [-0.61]  
Marry 1.082 1.227* 1.365* 0.49 
 [0.91] [2.29] [2.44]  
Disability 0.722** 0.718** 0.768 0.17 
 [3.07] [-3.09] [-1.79]  
Employment experience 1.058** 1.059** 1.080* 12.97 
 [3.20] [2.89] [2.47]  
Employment experience2 0.999* 0.999 0.999 299.51 
 [2.17] [-1.93] [-1.21]  
Lagged unemployment 0.731* 0.648** 0.436** 0.11 
 [2.23] [-3.15] [-3.85]  
     
observations 1400 1396 1396 1400 
failures (exits) 769 767 767 769 
log likelihood -3384.0 -2867.8 -2329.1 na 
wald test 
(prob> chi2) 

94.66 
(0.00) 

126.87 
(0.00) 

108.26 
(0.00) 

na 

 
The base is women, without qualifications, Australian born, who are unmarried with no disability, with 
less than 25% of labour market experience in unemployment. In raw data there is a saw shape with 
systematically different exit rates for different parts of the month. Additional dummy variables and 
stratification in cox partial likelihood has been undertaken to control for this. Robust z statistics are 
reported in brackets. Issues remain with the non-proportionality of these variables in the parametric 
regressions (see discussion in text). Standard errors adjusted for clustering on xwaveid. Cox partial 
likelihood has been stratified to adjust for monthly reporting in calendar and for wave 1 dummy. Age, 
Age2, regional unemployment rate and regional socio economic status are held constant. The discrete 
estimation was done with the baseline hazard specified as log time and left truncated data were 
excluded in estimation. 



 30

 
Table 3: Comparison of three different specifications (Cox) – Exits to employment - hazard ratios 

 

(1) 
Standard 
Model 

(2) 
Risk  
Model 

(3) 
Lag wage 
Model 

Means for 
specification  

(2) 
Male 0.835 0.884 0.794 0.52 
  [1.36] [0.89] [1.54]  
Non-university qual  0.989 0.989 1.022 0.44 
  [0.11] [0.11] [0.19]  
University qual 1.408* 1.409* 1.102 0.15 
  [2.43] [2.38] [0.61]  
Children 0.749** 0.755** 0.748** 1.27 
  [3.96] [3.70] [3.43]  
Male*children 1.282** 1.261** 1.291** 0.61 
  [2.89] [2.61] [2.64]  
Marry 1.471** 1.459** 1.387* 0.43 
  [3.28] [3.13] [2.49]  
Disability 0.636** 0.655** 0.797 0.21 
  [2.98] [2.73] [1.33]  
Employment experience 1.040 1.030 0.992 12.84 
  [1.56] [1.19] [0.29]  
Employment experience2 0.999 0.999 1.000 295.16 
  [1.29] [0.95] [0.05]  
Lagged unemployment 0.637** 0.651* 0.651* 0.15 
  [2.77] [2.57] [2.26]  
Risk-seeking  0.685 0.576* 0.06 
   [1.80] [2.33]  
Lagged wage   1.011** 14.06 
    [3.38]  
% of year worked   1.003 49.79 
   [1.35]  
     
Controls for country of birth 
and parental employment status 

yes yes yes  n.a. 

     
Observations 959 894 793 894 
failures (exits) 453 423 367 423 
log likelihood -2003.6 -1828.5 -1503.9 n.a. 
Wald test 
(Prob > chi2) 

73.23 
(0.00) 

67.33 
(0.00) 

78.05 
(0.00) 

n.a. 

     
The base is women, without qualifications, Australian born, who are unmarried with no disability, with 
less than 25% of labour market experience in unemployment.  Standard errors adjusted for clustering 
on xwaveid. Cox partial likelihood has been stratified to adjust for monthly reporting in calendar/wave 
1 dummies. Estimation only undertaken on wave 2 data, because of endogeneity with explanatory 
variables. Age and Age2 held constant. The means for male, non-university quals and country of birth 
not included here are similar to the estimates presented in table 4. Note the means for the wage variable 
are over a sample size of 791 rather than 892, because of the number of missing values on this 
covariate. 
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Figure 3: Comparisons of hazard curves – Raw, Piecewise and Weibull baseline hazards27 
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Table 4: Investigating the piecewise coefficients – how do hazard rates vary with duration? 
 Simple piecewise Full piecewise 
1 month (3 periods)  100% 100% 
3 months (9 periods) 99% 106% 
6 months (18 periods) 54% 58% 
12 months (36 periods) 27% 35% 
   
% of 12 months+ effect explained by 
explanatory variables  11.3% 
   
The simple model excludes all explanatory variables. The full model includes all explanatory variables 
included in specification 2 of table 2.  
 

                                                 
27 To control for the fact that people are more likely to report unemployment for a full month, the time bands used for analysis are: 1 month, 2 months, 3 

months, 4 months, 5 months, 6 months, 7-8 months, 9-10 months, 11-12 months, 12< months. 


