	
	



	
	



[bookmark: ChapterNumber][bookmark: _GoBack][bookmark: ChapterTitle]4	Data and variables
[bookmark: begin]Econometric models of the determinants of labour market outcomes (LMOs) are generally based on a demand and supply framework, and the various theories (described in chapter 2) that guide the choice of variables. Empirical labour market models commonly include basic features or characteristics of individuals, such as their age, marital status, education and work experience. More detailed datasets, such the National Aboriginal and Torres Strait Islander Social Survey (NATSISS), include indicators related to health, and cultural and socioeconomic environment that also influence LMOs. 
Theory may be used to predict whether a particular factor has a positive or negative influence on a LMO, or, in technical terms, the expected sign of the marginal effect of an explanatory variable. However, in some cases, different theories will suggest different expected signs. Some of the variables in this model are chosen based on more than one theory, and the expected sign of the marginal effect is, a priori, ambiguous. It is then an empirical matter as to whether the positive or negative effect dominates.
The outline of this chapter is follows: the 2008 NATSISS dataset and the sample used is described in section 4.1; the variables that are used in this analysis are described in section 4.2; and some of the data limitations are described in section 4.3.
4.1	ABS 2008 NATSISS 
This analysis was conducted using the 2008 NATSISS dataset. This is the third survey of this type to be conducted by the ABS and includes Indigenous people who were permanent residents of private dwellings. The NATSISS excludes people who are not permanent residents of private dwellings (including visitors), and people living in institutions (such as hospitals, nursing homes and, prisons) and special dwellings (such as hotels and boarding houses).
The NATSISS dataset has information relating to characteristics of the household, as well as individual characteristics of at least one adult and one child who are residents of that household. For remote areas, information relates to two adults and two children in each household.
Estimation sample
The model excludes full-time students because they are limited in the extent of their possible involvement in the labour force. The estimation sample was further restricted to people aged between 15 and 64 (the usual working age population). 
Some labour supply factors are highly deterministic, for example, the labour supply decisions of men and women tend to be different due to factors such as child rearing and other family responsibilities. This supports estimating separate regressions for men and women.
After accounting for these exclusions and for missing observations, the estimation samples were around 2700 men and 3500 women. 
4.2	Explanatory variables 
This section outlines the variables used in the analysis in this paper and explains the theoretical reasons for their inclusion. It also explains some measurement issues related to the use and derivation of particular variables, including approaches taken in economics literature. The variables presented in this section include gender, age and family structure of the household, and others that fall under the following categories: location, health, skills and knowledge, contact with the criminal justice system, and social and cultural environment. Descriptions of the variables used are in table A.1. Descriptive statistics are in table A.2. 
Gender
Patterns of LMOs tend to differ between men and women. Women are more likely to balance paid work and child rearing and other family responsibilities. They often leave the labour market to care for young children, while men rarely leave the labour market to care for children for long periods (Orzechowska-Fischer 2004). While many women return to the labour market within a year of having a child, others return when their children reach school age, or they never return (Boushey 2005; Goldin 2006). As discussed in chapter 1, in 2008, Indigenous labour force participation (as a proportion of the Indigenous working age population aged 15 to 64)  was 75 per cent for men, and 55 per cent for women (SCRGSP 2011). 
For these reasons, this analysis uses separate models for men and women. This approach is common in the literature (Hunter and Gray 1999; Stephens 2010) although some researchers have used gender as an explanatory variable in their models (Biddle and Webster 2007).
Age
Engagement with the labour market is influenced by a person’s age because there are life-cycle effects on their preferences for labour force participation and the value of a person’s human capital. Young people might not participate in the workforce and be employed until after completion of education or skills training. As people age, labour force participation and employment may decrease as their health and physical ability to work declines. Eventually, people retire and leave the labour market. Some effects which are linked to age, such as studying, health and physical ability, are separately accounted for by excluding students and by explicitly including other factors in the model. The inclusion of age variables therefore reflects the influence of other stages in a person’s lifecycle on LMOs, such as skills formation, child rearing and early retirement.
A mathematical function that captures the effect of age on labour market outcomes is a quadratic function, comprising age and age squared (Bartus 2005). The total effect of age on a LMO is a combination of the age and age‑squared effects evaluated at the mean age (and the mean age squared) of the working population. 
Other studies have used a different specification for age in econometric models, including dummy variables to reflect age cohorts (Biddle and Webster 2007; Cai 2010; Forbes et al. 2010; Laplagne et al. 2007; Stephens 2010). Other researchers have included an age‑cubed term for women (Shomos 2010).
Family structure and household characteristics
Family structure is a significant determinant of a person’s household responsibilities which in turn affects their availability and incentives to participate in the labour market. Family relationships can be characterised as bonding social capital and can either increase or decrease labour market activity (see box 2.2). For example, preferences for, or commitments to undertake unpaid work make it less likely that a person will participate in the labour force and or be in full time employment. At the same time, such arrangements might support other family members to participate in paid work. The total utility of the household may be maximised when those household members who have the ability to earn the highest wages specialise in paid work while other household members specialise in unpaid work.
The direction of these effects is ambiguous because the existence of a particular family structure does not indicate whether an individual’s relationships and responsibilities are likely to either impede or encourage labour force participation. The inclusion of variables related to family structure, in part, controls for these relationships. It becomes an empirical matter whether the associations between these variables and LMOs is positive or negative, and whether the associations differ markedly for men and women.
Marital status
The responsibilities associated with marriage or being in a de-facto relationship might change incentives to participate in the market for paid work if couples specialise between paid and unpaid work to maximise household utility. Other couples may choose to share responsibilities. Being married or in a de facto relationship might also be less of an influence on LMOs per se, but rather a proxy for a number of characteristics that are desirable to both partners and employers (Lattimore 2007). 
Being married is generally found to be positively associated with employment and labour force participation for men, but has been found to have both positive and negative associations for women in different studies (Borland and Hunter 2000; Hunter and Gray 1999).
Dependent children
The presence of young children in a household or family indicates that there may be constraints on the household members participating in the labour force because of child rearing responsibilities, especially when those children are below school age. Having one or more dependent children has generally been found to be associated with a lower probability of employment for women (Hunter and Gray 1999). For men, the association between having one or more dependent children and the probability of employment is less clear — for example, Hunter and Gray (1999) found a positive association, while Stephens (2010) found a negative association. This study estimates the number of dependent children by using information about the number of children in the household and family structure. 
Multi-family household
The presence of more than one family living in a person’s household can have a number of influences on their preferences for different types of work. It might mean that the demands of unpaid work (carer responsibilities and domestic work) are greater than those in a single family household, which can constrain the ability of some household members to participate in the labour market. On the other hand, such household structures may provide support for those who are best placed to specialise in paid work. In such cases, the influences of living in a multifamily household on labour force participation might be similar to marriage relationships.
However, the incidence of a person living in a multifamily household might also be an outcome of being either unemployed or not in labour force, as people who do not earn an income might live with other families due to a lack of financial resources. Therefore the association between this variable and LMOs may be subject to a degree of endogeneity. It may also indicate that relatively fewer resources are available to each household member that may improve their employment prospects, such as access to education or transport. Therefore this variable could be considered a proxy for disadvantage. 
Unpaid childcare
Some people provide unpaid childcare outside their household. This might constrain their ability to participate in the labour market for paid work. The offsetting benefit of the support, that might increase the child’s parent or carer’s labour market activity, will accrue to someone else.
Location
Where a person lives might affect their LMOs, which reflects both labour supply and labour demand factors. 
Remoteness
Remoteness, as defined by the ABS Australian Standard Geographical Classification (ASGC) (ABS 2010a), is based on the physical distance by road to the nearest urban centre. Remote areas tend to have lower levels of economic activity and access to services. Consequently labour demand may be lower in remote areas relative to less remote areas, or there may not be much diversity in the type of jobs available or the range of skills required to perform those jobs. Education opportunities and health services may also be less accessible, resulting in lower levels of human capital for people living in remote areas.
Some studies have used multiple variables to indicate degrees of remoteness (Biddle and Webster 2007; SCRGSP 2009). Due to data constraints, this study uses a binary remoteness indicator based on the ASGC (remote and non-remote).[footnoteRef:2] [2:  The dataset that was available at the time this study was undertaken only had a binary indicator of remoteness. Another dataset has since become available with five classifications of remoteness (major cities, inner regional, outer regional, remote and very remote).] 

Indigenous people who live in remote areas are less likely to be in mainstream employment and more likely to participate in CDEP (Biddle and Webster 2007; Borland and Hunter 2000; SCRGSP 2011). Labour force participation and unemployment among Indigenous people tends to be lower in remote areas (due to CDEP participation being classified as employment by the ABS). 
Lives in homelands
Living in homelands is included in the model for a number of reasons. For example, it might indicate:
a preference for participating in traditional activities outside the mainstream labour market
that a person lives in a remote area with low levels of labour market activity[footnoteRef:3] [3:  Some people who live in non-remote areas may report that they live in their homelands if the place they live in is part of their traditional country, even though much of it is likely to be owned or occupied by non-Indigenous people. Indigenous people who live in remote areas were more likely to report that they lived in their homelands than those who lived in non-remote areas (SCRGSP 2011).] 

that a person is reluctant to move locations to obtain work.
These factors are expected to contribute to poor LMOs. This is supported by Stephens (2010) who found that for males, ‘living in homelands’ had a negative marginal effect on being employed. Nonetheless, the marginal effect of living in homelands on employment was positive for women living in non‑remote areas, but negative for women living in remote areas (Stephens 2010).   
Socioeconomic status
The socioeconomic status of the area in which people live could influence their LMOs because they have poor access to material and social resources, reducing their capacity to participate in society. This is the definition used by the ABS to define relative socioeconomic disadvantage (ABS 2006).  
The NATSISS includes data on the decile of the socioeconomic index of relative disadvantage of the household (1 is most disadvantaged, 10 is least disadvantaged). This index is derived from Census variables related to disadvantage, such as low income, low educational attainment, unemployment, dwellings without motor vehicles and households that have one parent, pay low rent or rent from government and community organisations. Importantly, the index incorporates the proportion of the local community who are Indigenous and therefore might introduce additional endogeneity.
Health and disability
Health and disability are elements of human capital that are often included in models of LMOs. This is because good physical and mental health are attributes valued by employers, and disability can affect people’s ability to participate in the workforce and be employed. Health and disability might also affect a person’s labour supply decision (Cai 2010). This may be because a person decides to supply less labour because of poor health or disability, or more labour to be able to pay for health treatments.
The measurement of health is difficult in surveys. A common approach is to use self‑assessed health status, although this may result in rationalisation endogeneity (box 4.1). There are also a number of difficulties measuring disability, especially for Indigenous Australians. More information on the extent of disability amongst Indigenous Australians can be found in PC (2011).
Good physical and mental health tends to be positively related to labour force participation with healthy workers generally having higher productivity and greater incentives to work. Having a disability is associated with a lower probability of labour force participation. Laplagne et al. (2007) cite analysis that suggests that poor mental health, in particular, is associated with a lower probability of labour force participation than good mental health. Indicators of health status that have been used in some models of Indigenous LMOs include self‑assessed general health, disability and mental health status, as well as health risk factors such as smoking and alcohol consumption. Stephens (2010) found there was a reduced probability of employment and labour force participation associated with smoking, having a disability and poor self‑assessed health status. 
Causality between health and labour market outcomes can occur in both directions, resulting in potential endogeneity bias. Labour force participation can affect a person’s health positively or negatively. It may increase a person’s general health and wellbeing, or lead to deterioration in health due to stress, fatigue or physical demands, potentially leading to withdrawal from the labour market. The potential simultaneity bias that arises from complex interactions between health and labour force participation has been accounted for using simultaneous equations models (Cai 2010; Laplagne et al. 2007).

	Box 4.1	Measuring the effects of health status for labour market research

	One issue that arises in studies of the effects of health on participation, productivity and wages is the measurement of health status. Some researchers use data based on formal diagnosis of particular medical conditions. For example, the 2003 HILDA survey asked respondents:
Have you ever been told by a doctor or nurse that you have any of the long-term health conditions listed below? [The list of conditions included arthritis, asthma, cancer, chronic bronchitis, emphysema, diabetes, heart disease and high blood pressure] (AC Nielsen 2003, p. 10)
Other studies rely on individuals’ self-reported general health. Self‑reported general health can be derived from direct responses to survey questions regarding a person’s health status. For example, the NATSISS asks respondents whether ‘in general’ they would say their health is ‘excellent, very good, good, fair, or poor’.
In the context of labour market research, this kind of health measure can be prone to ‘rationalisation endogeneity’, which occurs when a person uses their self‑assessed health as a rationalisation for their labour market status. Cai and Kalb (2005) found mixed evidence of rationalisation behaviour in previous studies, and also found that self‑assessed health status is highly correlated with diagnosed conditions.
Alternatively, measures of general health can be derived from responses to questions about how well people are able to perform certain tasks (such as climbing stairs and carrying groceries) and how they feel (for example, ‘how much bodily pain have you felt during the past four weeks’).

	Source: Forbes et al. (2010); ABS (2010b).

	

	


The use of self-assessed health status as a health indicator can result in rationalisation endogeneity where a person misreports their true level of health possibly to justify non-participation in the workforce (Laplagne et al. 2007).
This study uses self-assessed health status, psychological distress as measured by the Kessler scale and whether the respondent has a severe or profound disability as indicators of health and disability.[footnoteRef:4]  [4:  See table A.1 for definitions.] 

Skills and knowledge
Human capital theory, discussed in chapter 2, suggests that higher levels of skills and knowledge improve employment prospects. These attributes may not always be observable, and employers look for observable characteristics that indicate a person’s level of skills, such as education, English language skills and work experience, to assess the suitability of an employee. 
Education 
There are two main reasons why education influences LMOs. First, education develops academic, vocational and social skills that are valuable to employers. Second, education acts as a signal to employers that a person has skills that are for the most part unobservable, including ability and motivation. This information reduces job‑hiring costs for employers. 
Previous studies find that people with higher education levels (especially degrees and other non-school qualifications) are more likely to be in the labour force, less likely to be unemployed and for those who are employed, less likely to participate in the CDEP program (Biddle and Webster 2007; Borland and Hunter 2000; Stephens 2010). The magnitude of the association between education and LMOs is different for men and women (the marginal effects for women tend to be larger and more consistently statistically significant).
There are many ways education can be specified in econometric models, including years of education, levels of education, or pathways through the education system. This study classifies people into one of seven possible categories of pathways though the education system, depending on their highest level of schooling and non‑school qualification. This approach was chosen because Indigenous people tend to engage differently with the education system compared to non-Indigenous people. For example, Indigenous people have:
higher attainment of certificate levels 1 and 2 courses
higher attainment of certificate 3 and 4 courses by people aged over 35
higher participation in Technical and Further Education Institutions or vocational education and training (SCRGSP 2011). 
This suggests that Indigenous people tend to obtain lower levels of non-school qualifications, and do so at a later age, possibly without having completed year 12 compared to non-Indigenous people. Biddle and Yap (2010) found that Indigenous Australians aged 25 years and over had a significantly higher probability of attending education than non-Indigenous Australians with otherwise identical (observable) characteristics. 
English language skills
Employers value English language skills. Studies of LMOs tend to include whether the respondent has a non-English speaking background. This will not always capture English language skills, as many people from non-English speaking backgrounds are able to communicate well in English. This study includes a variable on whether the respondent indicated they had difficulty communicating in English.
Work experience
Skills and knowledge are also enhanced by work experience through on‑the‑job training and workplace-specific courses. Work experience is a reasonably observable and verifiable attribute valued by employers. Unlike many other studies that use potential work experience (estimated as a person’s age less the number of years spent studying), this analysis includes the (self‑reported) number of years in the workforce.
Like age, work experience is often modelled using a quadratic function, comprising work experience and work experience-squared terms, and the total effect of work experience on a labour market outcome is a combination of both, evaluated at the mean value of years of work experience (Bartus 2005). The results reported in the appendix tables are for an instantaneous change in work experience and work experience-squared. The results reported in chapter 5 (table 5.1) are for the total effect of an increase in work experience of one year from the mean value (and the value of years of work experience at the 25th and 75th percentiles). 
The inclusion of both age and work experience terms in the model raises issues of collinearity, which, as explained in chapter 3, can inflate standard errors, and make explanatory variables appear insignificant when they are not. However, the alternative of excluding work experience or age raises issues about omitting relevant variables from the model. The inclusion of both age and work experience variables can be justified on the basis that a person’s age may not be a reasonable proxy for their years of work experience, partly because Indigenous people spend longer periods of their lifecycle not in the labour force than non-Indigenous people. This implies the correlation between the two terms is likely to be lower than for non-Indigenous people (SCRGSP 2011). 
A comparison of the results presented in this paper with results using the same model with the work experience terms omitted found that the marginal effects of the education and crime variables were larger in the model that excluded work experience. These differences were relatively larger for women. This suggests that excluding work experience from the model risks, among other things, overstating the magnitudes of the associations between some factors and LMOs.
Contact with the criminal justice system
Contact with the criminal justice system might affect both labour supply and demand. On the demand side a criminal history might affect a person’s chances of obtaining employment if a history of arrest or jail is used as screening device by potential employers, or where businesses may be deterred from locating in regions with relatively high crime rates, resulting in reduced job opportunities. On the supply side, a criminal history might influence a person’s motivations or perceptions of the benefits of work. 
Borland and Hunter (2000) examined the effect of arrest on labour force status by controlling for unobserved characteristics of people arrested in the preceding five years using 1994 NATSISS data. Arrest was found to be associated with a lower probability of employment for both Indigenous women and men (13 per cent and 18 per cent respectively). However these results may be biased if an individual’s arrest record is influenced by their employment status, or if there are unobservable factors affecting both their employment status and arrest record. For example, the analysis found a strong positive relationship between alcohol consumption and arrest, so a history of arrest may be an indicator of other characteristics of an individual that may have a negative effect on labour supply. Hunter and Daly (2008) used a two-stage model to address potential simultaneity bias that might arise from the interaction between arrest, fertility and labour force participation.
The analysis in this paper uses two variables related to contact with the criminal justice system — arrest in the last five years and whether the respondent has ever been in jail. These variables are correlated, because in most cases the people who have been in jail have also been arrested. However, some people may not have been arrested in the last five years, but have been in jail in their lifetime. The marginal effects associated with a history of imprisonment cannot, in this study, be interpreted as additional to the marginal effects of having being arrested.
Social and cultural environment 
As well as drawing on human capital theory, this paper also considers factors related to social and cultural environment, which social capital theory suggests might influence the LMOs (box 2.2). Attributes, such as the motivation to obtain employment, and preferences for paid versus unpaid work, can be influenced by a person’s social and cultural environment. Some studies that include variables relating to social and cultural factors suggest that they reduce omitted variable bias due to their correlation with characteristics which are largely unobservable (Hunter and Gray 2001; Stephens 2010). The theoretical links between living in homelands and providing unpaid childcare and LMOS are discussed above. Some indicators of community engagement, that might be proxies for motivation, are discussed below. 
Preferences 
Preferences for a particular lifestyle might influence LMOs. For example, some individuals might:
be part of a household or community where they specialise in, or have a preference for, unpaid work
prefer, and are able, to live in their traditional lands, which might mean they live in an area with low labour demand or lack of jobs that match their skills, and be unwilling to move to obtain employment
prefer to live a more traditional lifestyle and can be sustained through traditional activities.
Some of the variables described above can act as indicators of such influences. For example, being married and the presence of dependent children might increase the probability of someone allocating significant time to unpaid work within a household. The 2008 NATSISS contains other information that might reflect a person’s preference for a traditional lifestyle. These include:
whether they recognise and currently live in their homelands (discussed above as a locational variable)
whether they participate in traditional cultural activities (three or more types in the last 12 months).
It might be expected that a person who allocates a large proportion of their time to unpaid work, or activities associated with a more traditional lifestyle, will place a relatively low value on labour market engagement, and choose not to participate in the labour market for paid work. Hunter and Borland (1997) found that hunting, fishing and gathering activities had no effect on the probability of employment, suggesting there was little substitution between these traditional activities and market work. However, Hunter and Gray’s (1999) results suggested there might be some substitution, especially for women. However, these activities might confer other benefits to the individual or the community. 
Motivation
An important personal attribute that influences LMOs is a person’s motivation. Motivation also affects educational and health outcomes — which in turn affects LMOs — and is influenced by the social environment. It is difficult to observe, and a common approach is to use panel data to control for this and other unobserved characteristics. In the absence of panel data on Indigenous people, proxies for unobserved characteristics can be used. These proxies are characteristics that might be correlated with unobservable attributes. 
Employers look for signs of motivation, such as education and work experience. Motivation might also be indicated by a person’s engagement with their community. For example, a person who engages with their community through volunteer work or by attending social cultural events, is likely to be motivated in other ways, including to participate in the labour market for paid work. The benefit of including these proxies is that marginal effects for other explanatory variables are likely to be less biased because at least some of the influence of the unobserved attributes on other variables in the model is accounted for. 
There are costs and benefits to this sort of community engagement. It could create networks that lower job search costs but it might also become a barrier to labour market engagement where such activities are time consuming. For example, Stephens (2010) found that for males, having attended a cultural event was negatively associated with the probability of employment. Importantly, he noted that the association between LMOs and variables such as cultural participation might be inflated because of a high degree of unmeasured correlation with remoteness. Hunter and Gray (1999) found that participation in volunteer work increased the probability of non-CDEP employment for both Indigenous men and women.
4.3	Some data limitations 
While the NATSISS is a rich source of data on the characteristics of Indigenous people, it has limitations, which constrain the explanatory power of the analysis and introduce some possible data measurement errors. 
Labour demand is an important determinant of LMOs, but the NATSISS does not have many variables that can be used as reasonable proxies. This study includes variables related to geographic location which can be considered proxies for labour demand. Remoteness is one such indicator, but this is a poor proxy because it can be argued that some people live in non-remote areas where there is weak demand for labour (or for particular skills or occupations). 
The SEIFA index is a measure of the relative disadvantage of the collection district the household is located in. This index is derived using a number of variables, including the number of Indigenous people living in the area which may in themselves be the result of employment outcomes and therefore may introduce a degree of endogeneity bias in the model estimates. 
Another limitation of the data is the lack of a variable representing the number of dependent children a respondent has. The number of dependent children used in the analysis was derived using variables including household type, family composition and relationships in households, and number of people aged 0 to 14 in the household. Because it is difficult to determine from the data who are parents in multifamily households, and because the NATSISS variable had an upper bound of five children, the estimate of the number of dependent children is likely to be an underestimate.
In a perfect world, survey data would contain information on innate ability, motivation, and preferences which theory suggests are important determinants of labour market outcomes; but in practice these attributes are difficult to measure. The NATSISS contains some information on characteristics that might be correlated with these unobservable attributes. This means that models can include only proxies for these characteristics. 
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