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Abstract

This paper presents the results of a logit estimation of employment probabilities for Australia’s Indigenous population using the 2002 National Aboriginal and Torres Straight Islander Social Survey (NATSISS). The population is disaggregated by gender and geographic location and separate logit models are estimated for each group. The results indicate that there is substantial heterogeneity across these sub-groups and provide some evidence for incorporating this into employment models and policy outcomes.  Further, the findings suggest that individuals located in urban centers will, in fact, be more employable than any other region conditional on their obtaining desired labour market characteristics. 

1. Introduction

In 2002, the Council of Australian Governments (COAG) commissioned the Steering Committee for the Review of Commonwealth/State Service Provision (SCRCSSP) to provide a report on the key indicators of Indigenous disadvantage in Australia and set strategic areas for action. One of the seven key strategic areas highlighted in the report was economic participation and development by Indigenous people, specifically improvements in employment outcomes. The report found the unemployment rate for Indigenous Australians to be 2.8 times the national average in 2001 (SCRGSP, 2003).  In 2005, SCRCSSP released a follow-on report which reported 2002 unemployment rate for Indigenous Australians over three times the national average for Australia (SCRGSP, 2005).  With employment rates hovering around 18%, the benefits of improving employment outcomes for Indigenous Australians cannot be overstated. This paper endeavours to identify key human capital investments that will yield positive employment returns. To date, only a handful of studies have analysed employment outcomes for Indigenous Australians. 

This article has three main aims. Firstly, I identify the factors that would predict an improvement in employment outcomes of Indigenous Australians. Secondly, exploiting detailed data accessed via the Remote Access Data Laboratory (RADL), I provide a more comprehensive estimation of employment probabilities as I am able to include previously unmeasured variables. Finally, I build upon previous studies that have examined employment outcomes for Indigenous Australians by disaggregating employment outcomes by gender and location. 

2. Previous Research

To data only a handful of studies have attempted to obtain employment probabilities for the Indigenous population of Australia. Indeed, until fairly recently, the labour market position of Aboriginal Australians has largely been ignored by academics. In the 1970’s, studies began to appear in the academic literature that were largely descriptive in nature (Eckermann, 1979, Coombs, 1972). It was not until the late 1980’s and 1990’s that academic studies in labour economics attempted to model Indigenous employment outcomes (Miller, 1989, Daly, 1993, Daly et al., 1993, Ross, 1999, Ross, 1993), labour force participation (Gray and Hunter, 2002, Hunter and Gray, 1999), and income or wage differentials (Daly, 1993, Borland, 1999, Hunter and Gray, 2001).  Recently, research has tended to focus on the changing patterns in labour markets and the potential impact these have on Indigenous populations (Hunter, 2003b, Hunter, 2003a, Gray and Hunter, 2002, Hunter and Gray, 2001). However, there is a continuing discussion regarding the factors which contribute to differences in labour market outcomes (Hunter, 2003c, Borland and Hunter, 2000).  

The earliest studies tended to be more descriptive in nature. In his published talk, Coombs (1972) highlighted the general position of Indigenous Australians in the labour market. He makes a point of distinguishing between Indigenous Australians who reside in a urban location, those who he calls ‘fringe dwellers’ residing outside the country towns, Indigenous people who reside on pastoral properties, and those who live on missions or settlements. For each group, Coombs discusses the employment status of these individuals across these different of locations, which he deems to be quite heterogeneous. Eckermann (1979) uses unstructured interviews to gather information on the employment patterns of Indigenous Australians who live in Rural Town, Queensland. He interviews respondents about their employment patterns, fluctuations in work patterns, and attitudes towards work. Despite the fact that these studies tend to be descriptive, they provide important insights into the heterogeneous nature of the labour market position of Indigenous Australians. 

Recently, studies have attempted to model employment decisions for Indigenous Australians. Miller (1989) estimates two models of employment decision. First he models the binary outcome of employed and unemployed, and second he models not in labour force, employed, and unemployed. Using a dummy variables to estimate the impact of being Indigenous on employment decisions, he finds being Indigenous increases the estimated probability of unemployed by 2.5 times that of a non-Indigenous person. Ross (1993) uses the 1986-1987 Survey of Working Age Aborigines in New South Wales to estimates a probit model for being employed. In his model, education is estimated to have a significant impact on employment outcomes measured as years of formal education completed. Daly (1989) uses a probit model to estimate the probability of employment for Indigenous men and women. The reported estimates find that being Indigenous and the interaction between being Indigenous and married has a significant impact on predicted employment outcomes for Indigenous Australians. Unlike Ross, she does not find any statistically significant relationship in the model between employment and education. More recently, Borland & Hunter (2000) estimate the impact of arrest on employment outcomes for Indigenous Australians. Using the 1996 National Aboriginal and Torres Straight Islander Social Survey (NATSISS), they find that contact with the criminal justice system reduces employment probabilities between 10% - 20% for Indigenous men and between 7% - 17% for Indigenous women. Further, the study finds education, martial status, difficulty in speaking English, and residing in a remote location are estimated to have a significant impact on employment outcomes. 

Earlier studies have tended to make the limiting assumption of constant returns to variables such as education across sub-groups of the population. The majority of studies have used pooled models that include a dummy variable for Indigenous status without interaction terms (Miller, 1989), a dummy variable for Indigenous status with interactions (Daly, 1993), or models of Indigenous labour outcomes that include dummy variables for key demographic variables such as gender (Ross, 1993, Ross, 1999). Even the most flexible of these alternatives is limited by the assumption that returns for variables such as education are the same for male and female Indigenous Australians, which may not be the case. The study by Miller (1989), like many such studies, is limited by its small sample size of Indigenous respondents. The lack of studies examining the labour market situation of Indigenous Australians is likely a factor of the limited sources of data collected on labour market information. However, this is a problem that can be overcome with improved facilities that allow researchers expanded access to data sources.

This study seeks to contribute to the growing literature of the labour market position of Indigenous Australians by considering heterogeneity in the employment outcomes and evaluating separate employment probability models by location and gender. Further this study includes previously unmeasured explanatory variables in employment probability models, such as support networks and mobility. 

3. Data and Methodology

This study uses expanded data from the 2002 National Aboriginal and Torres Straight Islander Social Survey (NATSISS) accessed through the RADL of the Australian Bureau of Statistics (ABS). The NATSISS is currently the most comprehensive source of labour market information on Indigenous Australians and covers a wide range of topic areas. 

The sample used in this analysis is restricted to individuals not studying on a full-time basis who are of ages 18 and 55 inclusive. Individuals are defined as employed if they had a job or business, or undertook work without pay in a family business, in the week prior to the survey. The definition of employed includes persons who were temporarily absent from a job or business as well as individuals participating in Community Development Employment Projects (CDEP) participants. Individuals were defined as being unemployed if they were actively looking for work four weeks prior to the survey, and were available to start work the following week. In their study of empirical measures of unemployment, Jones and Riddle (1999) do not find evidence for classifying passive job seekers as non-participants in the labour force.  As such, in this study I include individuals who are defined as discouraged jobseekers but indicate they are willing to work in the definition of unemployed
.

The determinants of employability used in this paper include observable characteristics traditionally used in employment probability models (Raphael, 1998, Jenkins, 1992). These variables include: age; education; marital status; presence of children in the household; and proficiency in spoken English. Additional determinants shown to be important in employment outcomes included in the model are: mobility (Hunter, 2003c); technology and information (Holzer, 1998); support networks (Parish et al., 1991); health (Grossman, 1972); use of employment services (Holzer, 1998); vocational training, including CDEP schemes (Hunter, 2003a, Card and Sullivan, 1988); and criminal activity (Borland and Hunter, 2000).  A detailed description of the variables used in the models is presented in Appendix 1. 

As a measure of mobility, I include two dummy variables capturing whether an individual has moved homes once or more than once within the previous year. Individuals who are more mobile may be following job opportunities and therefore we might expect a positive estimated coefficient on mobility (Pissarides and Wadsworth, 1989). It has been suggested (Taylor, 1997) that this is not the case for Indigenous Australians located in remote regions, and that they prefer not to relocate despite high unemployment rates and fewer job opportunities. If this is the case, then mobility might be capturing other socio-economic factors not directly related to employment opportunities and may have a negative impact on employment outcomes. 

The role of technology has been demonstrated to have a positive impact on employment outcomes (Holzer, 1998). Individuals who have access to information technology may have greater access to employment resources and information. It is also likely that there will be a demand-side effect, as employers may prefer individuals with computers skills over those without. In order to control for the impact of technical skills, I include a variable capturing whether the individual has used a computer within the last year.  To control for access to employment information and services, I include a variable capturing whether the individual accessed employment services in the previous year. 

Access to support networks during times of crisis, such as friends and family, can often be an important form of social security. Support provided in the form of childcare has been shown to have a strong, positive impact on employability, particularly for minority women (Blau and Robins, 1991); support provided through financial transfers has also been shown to have a positive impact on employability (Parish et al., 1991). To measure the effects of support networks, I include a variable capturing whether an individual reported having support from friends or family in a time of crisis. It is expected that this variable will have a positive impact on employment outcomes, particularly for Indigenous women. 

Participation in subsidized training programs has been demonstrated to impact employment outcomes (Card and Sullivan, 1988). The majority of the CDEP schemes
 in Australia tend to be located in non-urban locations and the majority of participants tend to be Indigenous Australians (Hunter, 2003a).  Previous participation in vocational training and/or a CDEP scheme is expected to have a significant impact on employment, particularly in remote communities. An individual who undertakes a form of vocational training may be indicating a desire to improve his labour market position, and may have more favourable unobservable characteristics from the perspective of potential employers. 

Finally, I include a control for health. Rather than including a variable for self-assessed health status, I include a variable capturing whether an individual participated in physical or sporting activities in the last year. There are a number of qualities that can be reflected through physical participation in sport that may serve as a signal of employee quality. Further, the positive impacts of physical activity have been shown to reduce stress, improve self-esteem, and improve productivity. It is therefore expected that this variable would have a positive impact on employment probabilities. 

The general model for employment status can be written as
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where yi is the employment status of individual i and xi is a series of explanatory variables for individual i included in the model.

The explanatory variables in equation (1) can be written as individual functions. For example:

(2)
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Equation (2) states that the use of employment services is a function of exogenous explanatory variables, zi, that determine the use of employment services. 

As the individual’s observed employment outcome and use of employment services is binary, a logit model is estimated to evaluate the probability of employment given a set of explanatory variables. The logit model is specified

(3)
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And, for example, 
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Equation (3) states that employment is a function of the set of traditional exogenous variables plus some random error component, ui, for individual i. Equation (4) states that use of employment services is a function of exogenous variables and a random error component, vi. 

There are three admonitions to be noted when interpreting the results of these models.  The first is the potential for omitted variables bias. While previous employment studies have not include a variable for experience and experience squared (Raphael, 1998), there is potential for this variable to be an important determinant in employment models. If experience and experience squared are important determinants of employability, then the omission of these variables would violate the assumption that the error term in (3) has an expected value of zero and bias the estimators of included explanatory variables. Because the NATSISS does ask individuals the number of years spent in education, even a potential experience measure cannot be estimated
. The second cautionary note is the potential for simultaneous bias in the model. Simultaneous bias occurs if the independent variable is determined simultaneously with the employment outcome, which may then be correlated with the error term in equation (3).  For example, an individual may report having computer access, but may have been given computer access at the time they became employed. These two events would occur simultaneously and bias the model estimates. Fortunately, this problem is overcome as most of the independent variables in the model are recursive. Individuals in the survey report employment in time t but report, for example, computer usage in time t -1. Finally, there is the potential for selection bias. This would occur if the error terms in equations (3) and (4) depend on some immeasurable characteristic of the individual. If these error terms are correlated because of this unobservable characteristic then we can no longer assume that the variance between the error terms is equal to zero. 

4. Results

Sample means of the key variables used in the analysis are presented in Table 1. Generally, women are more likely to have a higher level of education than men and are more likely to have advanced levels of education, such as post-graduate degrees, bachelor degrees, and advanced diplomas. One exception is the level of certificate attainment: men are more likely to hold a certificate (level I, II, or III) than women. Overall, a higher percentage of women report being single, having access to support networks in times of crisis, using a computer, and having relocated no more than once in the last year. Men are three or four times more likely to have been incarcerated in the last five years, have a higher usage of employment services, are more likely to engage in a sporting or physical activity, more frequently moved homes, and were more likely to have undertaken some form of vocational training. 

Not surprisingly, the preponderance of both men and women who completed high school and post-secondary education tend to be located in major urban centres and inner regional locations. There is little variation across geographic locations in the percentage of individuals who have less than a high school education. Individuals residing in major urban and inner regions are more likely to be single, speak English proficiently, use a computer, have access to support networks, and have undertaken some form of vocational training. Males in remote regions have the highest incarceration rates, with little variation across inner regional and outer regional locations. The highest usage of employment services occurs in inner and outer regional locations. 

As we can see from the maximum likelihood estimates presented in Table 2 and the marginal effects presented in Table 3, results are quite heterogeneous across gender and regional location.  Many of the explanatory variables included in the model have the anticipated impacts on employment probabilities, but not all do for each subsample. 

The presence and number of children is a negative and significant predictor for most females regardless of their geographic location. Children between the ages of 0 and 4 have a larger negative impact on mother’s employability than school-aged children, with the exception of women located in major urban locations where the presence and number of school-aged children has a larger impact on employability than the number of pre-school aged children. There are no statistically significant effects for the number of children between the ages of 15 to 24, which is hardly surprising as they are unlikely to require full-time parental support. Surprisingly, the presence of children also has a negative impact on the employability of males in some regions. The number of school-aged children has a large, negative impact on males’ employment outcomes if they live in urban locations and the number of pre-school aged children has a large and negative impact on the employment probabilities of men located in outer regional locations. While this may seem counter intuitive to the expected impact, it is possible that family transfer payments or income support might be larger than expected earnings in the job market for these men. 

The returns to employability for education generally have the expected sign, with the exception of males in remote locations where the return on post-graduate education are negative and statistically significant. This is highly unusual and might be explained by the extremely small number of males in remote regions who hold post-graduate education (n=3).  The statistical significance of education on employability is varied across locations. In major urban locations, all but one education variable are statistically significant for females, but for men education has no statistically significant impact on employability. In remote areas, females’ level of education has no significant impact on employability and for men only four education variables have an even marginally significant impact, and three of those are only significant at the 90% confidence level. 

Mobility, as suggested by Taylor (1997), does have a detrimental impact on employment probabilities for Indigenous Australians but the negative impacts are mainly borne by women in remote and outer regional areas. The impact, not surprisingly, is substantially larger for women who are frequent movers than those who are infrequent movers.  Previous incarcerations, computer use, participation in physical and sporting activity, and vocational training all have estimated signs that accord with prior expectations. Access to support networks was estimated to have a significant impact on employment for both men and women in urban locations, and for women in inner regional locations. Finally, the level of English language proficiency is only significant in three of the six subsets of Indigenous populations. 

Perhaps most surprising was the impact of employment services on employability. This variable was statistically significant, large, and negative in every model specification
. The largest negative impacts were seen in the remote and inner regional locations
. There are several reasons why employment services might be significantly negative. First, there may be some selection bias in the individuals who access employment services. Those who might be more likely to use these services might be less ‘employable’ and would therefore require job search assistance. Secondly, individuals who take transfer payments from the government would be compelled to access employment services as part of the condition of their transfer. The variable employment services might be capturing a group of individuals who are on a social welfare transfer scheme and are unemployed at that time, which may be presenting itself in the form of lower probability of unemployment. Finally, employment services may not providing the services that they purport to provide or may not be matching employee skills with employer needs. 

The marginal estimates reported in table 3 are calculated using the base case for each sub-population. The base individual for the sub-group is an Indigenous individual of average age, with less than a grade nine education, married, has no children, speaks English proficiently, has not been incarcerated in the last five years, that has not used a computer, is not active, without a support network, has not used employment services in the last year, and has not undertaken any vocation training. The marginal effects are calculated as the change in the probability of employment that occurs when the explanatory variables change from zero to one. The marginal impacts of age and age squared are calculated as increase of one standard deviation from the sub-group mean. As the majority of the explanatory variables used in the analysis are dummy variables, the use of the sub-sample means will not provide a meaningful representation of the true population. 

Major Urban Location

Some have argued that residing in an urban location may provide better access to transportation therefore improving employment outcomes, particularly for minorities (Holzer, Quigley, and Rapheal, 2001), while others have argued that urban locations have seemingly negative impacts on employment outcomes for minority groups (Wilson, 1987).  The estimated results suggest that employment prospects for individuals located in urban locations are sensitive to the characteristics the individual possesses. 
At the base case, estimated probability of employment for an Indigenous women located in an urban location is bleak. A married women at 34 years of age with less than a grade nine education who has not undertaken any form of training or used a computer, without a support network, and has not been physically active has an estimated employment probability of approximately 3%. The estimated employment probability increases to 84% with the completion of a year 9 education, computer use, access to support and physical activity. Completion of high school will improve her estimated employment probability to 88% and if she couples this with some form of vocational training then her estimated employment probability is 99%. 
The story is similar for Indigenous males located in urban centres. The estimated employment probability of a 35 year old married male is approximately 53.5%. This increases to approximately 93% with the completion of a grade 9 education, access to a computer, physical activity, and access to support networks.  Undertaking vocational training will further increase the probability of employment to approximately 98.8%. Interestingly, we are seeing very high marginal returns on estimated employability on social networks for males in urban locations. This may suggest that males are more reliant on social networks for employment and/or job offers. Males in urban centres have the highest estimated employment ‘penalty’ for criminal activity than in any other location. A male of average age who has previously been incarcerated has an estimated employment probability of only 16%.  
Remote Location

Again, considering the base case, a 33.5 year old married woman in a remote location has an estimated employment probability of approximately 76%, almost 25 times greater than that of a woman with similar characteristics located in an urban centre.  The estimated employment probability for a married, 33.5 year old female with a less than grade 9 education, who has used a computer, and was physically active is approximately 90%, a 14% increase from the base case. If she undertakes vocational training, her estimated employment probability increases to 96%. 
At the base, the estimated employment probability for a male of average age is 80.5%. This increases to approximately 96% with the use of a computer and physically activity, and is approximately 10% higher than his equivalent residing in an urban center. The estimated employment probability increases to 98% by undertaking vocational training.
Inner Regional 
The estimated employment probability is only 20% for a married female of average age residing in inner regional locations of Australia. This is improved with computer use and access to support networks to 70.5%. A female with an advanced diploma, social support, and who has previously used a computer will have estimated employment probability of 96%. 
A married male of average age in inner regional Australia has an estimated employment probability of 80%. As is the case with urban females, education is estimated to have a large and significant impact on employment probabilities for men in inner regional locations. A male who graduates high school has an estimated employment probability of 96% and an estimated employment probability of 99% if he holds an advanced diploma. Like in urban locations, criminal activity is estimated to have a large negative impact on employment probabilities. The estimated marginal effect of incarcerations yields a reduction in the estimated employment probability by 36.7%. 
Outer Regional 

In outer regional locations of Australia, the estimated employment prospects are 48% for a married female at average age. Like in other regions, estimated employment prospects are improved from the base case with computer use and activity to 80.6%. The negative impact of mobility in outer regional locations reduces the estimated employment probability from 80.6% to 66% if she moved once in the previous year and declines to 37% if she has moved frequently. Further, criminal activity is estimated to have a large, negative impact on employment. A female of average age who moves frequently and has been incarcerated in the last five years has an estimated probability of employment of only 11.5%. 
For males at an average age the estimated employment probability is 73.7%. Like with females in outer regional locations, there are large employment ‘penalties’ for criminal activity. Having spent time in prison in the last five years will reduce the estimated employment probability to 49%. A male who has completed high school, is active, and can use a computer has an estimated employment probability is 98%. One interesting deviation from the previous models is the estimated impacts on male for the presence and number of pre-school aged children, which is significant and negative. 
4. Summary and Conclusions

As we can see, the factors determining employment outcomes are widely varied across location and gender, suggesting a great deal of heterogeneity in employment outcomes for Indigenous Australians. These findings suggest that pooled employment probability models may be inappropriate for evaluating employment outcomes. A “one-size-fits-all” policy solution designed to improve employment prospects for Indigenous Australians will not be likely to have the desired outcomes across all groups. 

The results tend to re-affirm earlier employment studies of Indigenous labour markets. Like other studies, I find negative impacts for previous incarceration, positive returns for education, training and technology. The significant results of mobility in several of the estimated models emphasises the importance of this characteristic in determining Indigenous employment outcomes. These findings supports previous suggestions that mobility, in fact, has a negative impact on employment outcomes and that Indigenous people may not be relocating for employment opportunities. Further, the estimated results suggest that social networks are an important determinant in employment outcomes, particularly for Indigenous women located in urban and inner regional locations. The finding that social networks are significant for males in at least one of the estimate models may suggest that social capital, through employment and/or offers, is playing a role in improving employment outcomes for urban males as well. 

Further, these findings suggest that the labour market position in urban and inner regional locations are sensitive to the characteristics possessed by the individual. Women in these locations with higher educational qualifications and other employment related skills face bright employment prospects, but are bleak for those not possessing these characteristics. The polarization in estimated employability in these locations may suggest employers use particular characteristics as a signal of employee quality. The higher preponderance of males and females in these locations to hold higher levels of education and training may suggest individuals permanently relocate to areas where their skills will provide high marginal returns to employability.  
This work is merely exploratory in nature and would benefit from additional research. There are a number of caveats that should noted when interpreting these results. Firstly, as mentioned previously, omitted variable bias and sample selection bias may be distorting the estimates. Secondly, the definition of ‘in employment’ is very broadly defined and includes part-time and full-time workers. As such, individuals who are classified as ‘employed’ may, in fact, be underemployed. Further research into the decision to provide full-time or part-time employment may provide some additional insight into employment outcomes of Indigenous Australians.   Finally, currently there is no means of comparing these results to the non-Indigenous population.  The closest non-Indigenous comparative source of data available is the General Social Survey but, unfortunately, variables included in the two surveys are not directly comparable. 
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Table 1

 Group Means Used in Analysis
[image: image5.emf]Female Male Female  Male Female Male Female  Male

In Employment  0.605 0.712 0.714 0.798 0.528 0.65 0.506 0.625

Age 34.19 35.3 33.62 34.34 34.98 34.29 34.7 34.7

Age2 1263 1354 1232 1282 1324 1285 1302 1310

Post Grad 0.02 0.02 0.009 0.002 0.006 0.011 0.002 0.007

Bachelor 0.07 0.05 0.02 0.01 0.043 0.016 0.02 0.012

Advanced Diploma 0.044 0.042 0.029 0.012 0.046 0.021 0.04 0.017

Certification 0.13 0.2 0.07 0.11 0.1 0.21 0.1 0.17

Grade 12 0.15 0.1 0.11 0.12 0.13 0.09 0.11 0.1

Grade 11 0.11 0.09 0.11 0.09 0.11 0.09 0.13 0.1

Grade 10 0.27 0.26 0.25 0.24 0.28 0.27 0.31 0.26

Grade 9 0.11 0.13 0.13 0.12 0.16 0.15 0.13 0.15

Single 0.59 0.44 0.42 0.37 0.55 0.46 0.48 0.41

Moved Once 0.23 0.2 0.22 0.22 0.24 0.21 0.25 0.24

Moved Frequently 0.08 0.09 0.07 0.06 0.09 0.1 0.08 0.09

# of Children aged 0 to 4 0.5 0.39 0.8 0.64 0.45 0.4 0.57 0.47

# of children aged 5 to 14 0.88 0.73 1.42 1.23 1.03 0.78 1.11 0.82

# of children aged 14 to 24 0.17 0.15 0.11 0.11 0.16 0.16 0.13 0.01

Difficulty with English 0.08 0.08 0.2 0.19 0.09 0.1 0.16 0.16

Conviction 0.04 0.11 0.04 0.16 0.03 0.13 0.03 0.13

Computer Use 0.67 0.66 0.4 0.28 0.64 0.62 0.53 0.48

Active 0.42 0.55 0.4 0.57 0.39 0.49 0.33 0.46

Support 0.93 0.92 0.88 0.86 0.93 0.9 0.94 0.89

Employment Services 0.16 0.25 0.1 0.15 0.17 0.37 0.18 0.35

Vocational Training 0.33 0.41 0.19 0.27 0.29 0.34 0.26 0.34

n 632 431 1809 1418 538 326 789 664

Major Urban  Remote Inner Regional  Outer Regional


Table 2: Maximum Likelihood Estimates

[image: image6.emf]Female Male Female  Male Female Male Female  Male

Intercept -5.9545*** 4.662 0.3178 3.5067*** -2.0193 1.4716 0.9423 1.0693

(1.9363) (2.2663) (0.9514) (1.1943) (2.0417) (1.9768) (1.3375) (1.3634)

Age 0.0952 -0.3206*** 0.0191 -0.1414** 0.0458 0.0247 -0.0825 0.000695

(0.1024) (0.1253) (0.0566) (0.0675) (0.1138) (0.1084) (0.0751) (0.0751)

Age2 -0.00059 0.00502*** 0.000143 0.00216** -0.00073 -0.00071 0.00141 -0.00005

(0.00145) (0.0018) (0.000819) (0.000963) (0.00161) (0.00151) (0.00105) (0.00104)

Post Grad 1.7855* -0.9835 14.1543 -3.1033* 13.7711 14.2135 12.029 0.4613

(1.0666) (1.097) (512.9) (1.7578) (1071.8) (1024.6) (857.8) (1.5974)

Bachelor 2.06041*** 1.0285 0.4591 -0.0595 1.6924* 0.1894 -0.8224 0.8292

(0.9522) (1.0203) (0.6775) (1.1486) (1.0082) (1.3355) (0.6784) (0.9791)

Advanced Diploma 0.5837 0.1222 0.4559 -0.3488 2.2362*** 3.0232** 0.1797 1.1259

(0.8474) (1.1914) (0.524) (0.8197) (0.9393) (1.2986) (0.5539) (0.899)

Certification 1.415** 0.8101 0.4277 1.0872*** 0.5279 1.1633** 0.2282 0.8454**

(0.6279) (0.5952) (0.3174) (0.3667) (0.6096) (0.5253) (0.3871) (0.3729)

Grade 12 1.6445*** 0.354 0.1675 0.3893 0.4144 1.7021** 0.6274 1.57***

(0.6359) (0.7594) (0.2847) (0.3171) (0.5505) (0.6892) (0.4071) (0.4886)

Grade 11 1.4016** 0.00941 0.1161 0.606* 0.3634 2.0601*** 0.1042 0.6152

(0.6433) (0.7153) (0.2744) (0.3443) (0.553) (0.6727) (0.3963) (0.4359)

Grade 10 0.979* 0.4924 0.0525 0.4602* 0.2072 1.1749** 0.2611 0.6649**

(0.571) (0.5547) (0.2159) (0.2544) (0.4761) (0.5183) (0.3274) (0.3377)

Grade 9 1.3432** -0.296 -0.0474 0.3059 -0.0264 0.235 0.1177 0.1195

(0.6322) (0.6322) (0.2519) (0.2948) (0.5703) (0.5521) (0.3813) (0.3615)

Single -0.6192** -1.3342*** -0.453*** -0.7689*** -0.5419** -1.4688*** -0.2984 -1.0769***

(0.2836) (0.3802) (0.1496) (0.2009) (0.2819) (0.3873) (0.1901) (0.2511)

Moved Once -0.1219 0.4517 -0.3852** 0.2215 -0.3388 -0.4913 -0.7584*** -0.9365***

(0.3228) (0.4217) (0.1738) (0.2207) (0.3222) (0.4027) (0.2249) (0.2484)

Moved Frequently 0.3196 0.2595 -0.7141*** -0.2407 -1.3382** -0.7357 -1.9559*** -0.1297

(0.5639) (0.5602) (0.2618) (0.3493) (0.5283) (0.5) (0.4047) (0.374)

# of Children aged 0 to 4 -0.3594** -0.1542 -0.378*** -0.0995 -0.611*** -0.4139 -0.7579*** -0.47***

(0.1862) (0.2333) (0.0831) (0.1033) (0.2131) (0.2539) (0.135) (0.158)

# of children aged 5 to 14 -0.3895*** -0.326** -0.0832 -0.013 -0.2513* -0.2292 -0.1518* -0.1112

(0.1331) (0.158) (0.0541) (0.0682) (0.1404) (0.1415) (0.0854) (0.0995)

# of children aged 14 to 24 0.0912 -0.3057 0.2444 0.0164 -0.3382 -0.0634 0.3856 -0.0405

(0.3373) (0.4205) (0.2169) (0.253) (0.3386) (0.3819) (0.237) (0.3213)

Difficulty with English -0.7022 -1.6954*** -0.0851 0.1633 -1.3454** -0.398 -0.3687 -0.9584***

(0.5743) (0.622) (0.1799) (0.2343) (0.6258) (0.5735) (0.2916) (0.3032)

Conviction -1.611* -1.792*** -0.7281** -0.5011** -1.1945 -1.6637*** -1.2729** -1.0581***

(0.9281) (0.5126) (0.3449) (0.2179) (0.9383) (0.4795) (0.5947) (0.3393)

Computer Use 1.477*** 0.8436** 0.6723*** 0.8002*** 1.1778*** -0.00743 1.0385*** 0.802***

(0.3289) (0.3548) (0.1665) (0.2412) (0.3145) (0.3352) (0.2091) (0.2282)

Active 0.5568** 0.621* 0.4799*** 0.4227** 0.1291 0.3804 0.476** 0.533**

(0.2835) (0.3436) (0.1567) (0.1934) (0.29) (0.3149) (0.2029) (0.2243)

Support 1.7523*** 1.1091** 0.1114 0.0715 1.0773* 0.1023 -0.24 -0.0471

(0.683) (0.5324) (0.2282) (0.2574) (0.5955) (0.5024) (0.3969) (0.3393)

Employment Services -0.9519*** -2.0306*** -1.9435*** -2.862*** -1.218*** -2.2061*** -0.77*** -1.7472***

(0.345) (0.3678) (0.2057) (0.2095) (0.3345) (0.3337) (0.2387) (0.222)

Vocational Training 2.6904*** 1.7763*** 0.9006*** 1.2377*** 1.8242*** 1.3237*** 1.7998*** 1.1757***

(0.3469) (0.3716) (0.2134) (0.2532) (0.3093) (0.3541) (0.2251) (0.237)

n 481 379 1235 1195 398 326 789 664

LogLikelihood 281.05*** 195.1645*** 305.4570*** 357.3644*** 194.4003*** 138.1274*** 355.4166*** 291.7867***

Wald 123.7647*** 87.6244*** 205.0648*** 227.1696*** 100.5129*** 75.7419*** 197.5387*** 164.6001***

R-Squared 0.4425 0.4025 0.2191 0.2585 0.3864 0.3454 0.3627 0.3556

Percentage Concordant 90.6 91.4 79.6 84 87.1 86.5 86 86.8

*** indicates significance at the 99% level

** indicates significance at the 95% level

*  indicates significance at the 90% level

Note: standard errors are reported in brackets
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Table 3: Estimated Marginal Effects

[image: image7.emf]Female Male Female  Male Female Male Female  Male

Pi at average 0.586852 0.810897 0.761156 0.854364 0.549958 0.748147 0.481047 0.734008

Pi at Base 0.030925 0.535416 0.756985 0.805361 0.20041 0.803168 0.478855 0.736512

Age^ -

-0.6751

-

-0.309481

- - - -

Age2^ -

0.0492

-

0.032531

- - - -

base case + Post Grad*

0.1289

- -

-0.6487

- - - -

base case + Bachelor*

0.1694

- - -

0.3761

- - -

base case + Advanced Dip* - - - -

0.5007 0.1851

- -

base case + Certification*

0.0852

- -

0.1193

-

0.1257

-

0.1303

base case + Grade 12*

0.1109

- - - -

0.1541

-

0.1942

base case + Grade 11*

0.0838

- -

0.0782

-

0.1665

- -

base case + Grade 10*

0.0474

- -

0.0623

-

0.1265

-

0.1081

base case + Grade 9*

0.0780

- - - - - - -

base case + Single*

-0.0140 -0.3026 -0.0925 -0.1481 -0.0732 -0.7547

-

-0.2488

base case + Moved Once* - -

-0.0776

- - -

-0.1780 -0.2137

base case + Moved Frequently* - -

-0.1530

-

-0.1387

-

-0.3638

-

base case + 1 Child aged 0 to 4*

-0.0091

-

-0.0760

-

-0.0807

-

-0.1779 -0.1005

base case +  1 child aged 5 to 14*

-0.0098 -0.0813

- -

-0.0373

-

-0.3347

-

base case + 1 Child aged 14 to 17* - - - - - - - -

base case + Diff English* -

-0.3608

- -

-0.1391

- -

-0.2191

base case + Conviction*

-0.0246 -0.3743 -0.1563 -0.0905

-

-0.3672 -0.2742 -0.2441

base case + Computer Use*

0.0917 0.1928 0.1022 0.0967 0.2483

-

0.2430 0.1252

base case + Active*

0.0218 0.1466 0.0773 0.0579

- -

0.1178 0.0900

base case + Support*

0.1245 0.2755

- -

0.2236

- - -

base case + Employment Services*

-0.0188 -0.4040 -0.4485 -0.6141 -0.1314 -0.4931 -0.1804 -0.4090

base case + Vocational Training* 0.2889 0.3365 0.1276 0.1291 0.4080 0.1356 0.3687 0.1641

*Marginal Effects are estimated for a change in the explanatory variable from 0 to 1 at sub-sample average age

^Marginal Changes are estimated for a one standard deviation increase from average age

Marginal effects are presented for explanatory variables significant at 90% or greater

Base case is married individual at average age with less than grade 9 level education
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Appendix 1: Description of Explanatory Variables 

[image: image8.emf]age continuous from 18 - 55 

age^2 age squared

Post Graduate = 1 if individual has a post-graduate degree; = 0 otherwise

Bachelor = 1 if individual has a bachelor degree; = 0 otherwise

Advanced Diploma = 1 if individual has an advanced diploma; = 0 otherwise

Certification = 1 if individual has a certificate (level I, II, or III); = 0 otherwise

Grade 12 = 1 if highest level of schooling is year 12; = 0 otherwise

Grade 11 = 1 if highest level of schooling is year 11; = 0 otherwise

Grade 10 = 1 if highest level of schooling is year 10; = 0 otherwise

Grade 9 = 1 if highest level of schooling is year 9; = 0 otherwise

Single = 1 if individual report their social marital status as single; = 0 otherwise

Moved Once = 1 if individual reported moving homes once in the previous year; = 0 otherwise

Moved Frequently  = 1 if individual reported moving homes more than once in the previous year; = 0 otherwise

No of Children aged 0 to 4 number of children who live in the house between the ages of 0 to 4 

No of Children aged 5 to 14 number of children who live in the house between the ages of 5 to 14 

No of Children aged 15 to 24 number of children who live in the house between the ages of 14 to 24

Difficulty with English = 1 if individual reported having difficulty communicating to service providers

Conviction = 1 if  individual reported having spent time in jail in the last five years; = 0 otherwise

Computer Use = 1 if individual reported using a computer in the last year

Active  = 1 if individual reported participating in a physical or sporting activity; = 0 otherwise

Support  = 1 if individual reported having support in a time of crisis; = 0 otherwise

Employment Services = 1 if individual reported using employment services in the last year; = 0 otherwise

Vocational Training = 1 if individual untook vocational training in the last year; = 0 otherwise

Definition Variable


� The NATSISS classifies someone as ‘not in labour force’ if s/he is retired or no longer working, do not intend to work in the future, is permanently unable to work; or has never worked and never intends to work.  


� The CDEP Schemes started late 1970’s as a ‘work for the dole’ program in order to reduce the number of individuals who were accessing unemployment benefits. Initially, projects were community development projects which ranged from road maintenance, public works, to artefact collection. Currently, the emphasis and focus of CDEP is on transiting participants into non-CDEP employment. For more information on the CDEP in Australia see Hunter (2003a). 


� I did attempt to include a rough control for experience in the model. The potential experience measure included was defined as the individual’s age minus an estimate of the number of years that might have been spent in studies based on their reported highest level of qualification. The models would not converge and therefore the experience measure was dropped. 


� Raw correlation test indicate that there is a relationship between employment and employment services but the correlations coefficient is less that 0.3 for geographic category. 


� To test for sensitivity, the model was re-estimated without employment services. The result was a lower R �squared value and a lower percentage concordant. The estimates impacts of the remaining significant independent variables were relatively unchanged. 
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