	
	


	
	



5
Econometric method and variable construction
The analysis in chapter 4 highlighted that people with higher literacy and numeracy skills are more likely to participate in the workforce, be employed in more highly skilled jobs and earn more, compared with people who have lower skills.
In chapter 3 it was suggested that people’s skills vary according to demographic factors such as country of birth, age, gender and educational attainment. These and other individual characteristics are also likely to affect labour market outcomes, so cross-tabulations (between skills and labour market outcomes) will not accurately predict how much an improvement in literacy and numeracy skills can improve labour market outcomes. In this section of the report, multivariate econometric models are presented which control for demographic factors to estimate the effect of literacy and numeracy skills on the following labour market outcomes:
· labour force participation

· wages.
Following this, a description of the variables used in the econometric analyses is presented. Modelling results are reported in chapter 6.

5.1
Econometric models of labour force participation and wages

Econometric models of labour force participation and wages can help answer the following research questions:

· What is the effect of increasing literacy and numeracy skills on participation/wages, holding other factors (including education) constant?

· Do models of participation that use only proxy measures of skills accurately measure the effect of human capital on participation and wages?

· How important are literacy and numeracy skills, relative to other indicators of human capital (for example, education and labour market experience) in raising labour force participation and wages?

· Does the impact of literacy and numeracy skills on participation or wages vary along different points of the skill distribution, and are there differences between genders?

The framework used in the analysis draws upon approaches used by other researchers including Chiswick, Lee and Miller (2003) for labour force participation and Barrett (2009) for wages. Both of those papers used Australian data, allowing for comparisons with the results in this paper.
Estimating the effect of literacy and numeracy skills on labour force participation

Two models of labour force participation are estimated, using a similar approach to Chiswick, Lee and Miller (2003). In the first instance, a ‘traditional’ human capital model is estimated. That model assumes that labour force participation is a function of education and potential labour market experience. The model
 takes the form:
LFP = (0 + (1ED + (2X + (
(1)
where:

LFP = labour force participation (0 or 1)



ED is a vector of educational attainment variables (section 5.2)
and 
X is a vector of variables representing factors likely to affect 
participation (including age, marital status, children –– see output in 
appendix B for full list).

In this specification, education is an indicative measure of a person’s skill level. Such an assumption might be valid under the ‘formal’ or ‘abstract’ approach to literacy and numeracy, which assumes that years of education is a good measure of a person’s skills (chapter 2).

The functional approach to literacy and numeracy –– which is consistent with a human capital framework –– suggests that literacy and numeracy are only loosely correlated with education. The empirical analysis presented in chapter 3 supported this framework. Education may enhance literacy and numeracy skills, but it may also be important for developing other skills relevant for work –– for example, affective skills of cooperation and perseverance (Chiswick, Lee and Miller 2003).
Therefore, estimating the effect of education and skills on participation separately gives additional insight that traditional human capital models do not. In particular, inclusion of the skills variable allows us to estimate the:

· effect that education has on participation, after controlling for differences in people’s functional skills

· relative importance of the various skills needed in the workplace (for example, functional literacy and numeracy skills and other skills that education provides).

Therefore, a second model of participation is estimated, which explicitly controls for functional literacy and numeracy skills:
LFP = (0 + (1ED + (2LitNum + (3X + (
(2)
where:

LitNum = Literacy and numeracy skill level (explained in section 5.2).
In this specification, the coefficient (2 measures the effect of improving literacy and numeracy skills on participation. Education is modelled as having a direct effect on participation ((1). However, education might also indirectly effect participation, if undertaking more education leads to greater skills. Education is likely to improve literacy and numeracy skills, but those skills may also be developed, or enhanced, outside of the school sector. Equation 2 does not distinguish how skills are developed.
The two models above are estimated because important findings can be obtained by comparing results. If education is a good proxy for skills, then inclusion of the skills variable (in equation 2) should not add to the explanatory power of the model. Furthermore, it may cause collinearity problems –– either the literacy and numeracy skill variable, or education variable, would not be significant. If, however, literacy and numeracy skills are influenced by education (but they are not the same) then both variables would be significant (in equation 2). The magnitude of the education coefficient would diminish if education influences literacy and numeracy, with education now a measure of the effect from other skills that education provides on the likelihood of participation.
Participation is a binary variable (1 if in the labour force, 0 otherwise). The demographic factors X are based on those commonly found in the literature (see model results in appendix B for those variables used in the analysis, and a description of each variable in appendix A).

Previous research has used logit and probit models to estimate labour force participation. Greene (2008) states that there is no theoretical reason to prefer one model over the other. In the analysis here, the labour force participation equations were estimated with a probit and logit model. Results were very similar, and therefore are reported only for the probit model of labour force participation (presented in chapter 6 and appendix B). The probit model was chosen for consistency –– as explained below, it was also used as a first step in some of the wages models estimated.
Ability bias may affect results

A problem commonly identified in the human capital literature ‘is that higher ability individuals may systematically choose more schooling, leading to an upward bias in the estimated return to schooling’ (Hanushek and Zhang 2006, p. 2). Put another way, models that do not explicitly control for ability may overestimate the return to education –– people who undertake more education may choose to do so because they have higher ability than those people who do not undertake education.

The inclusion of a skills measure may partly reduce this ability bias, as people with higher ability are likely to have higher skills. However, as Barrett (2009, p. 6) notes, the literacy and numeracy tests ‘drew on cognitive skills typically used in daily activities, hence the emphasis on ALLS measuring skills of daily living, rather than underlying abilities or potential’. Insofar as the education and skills variables used in the analysis do not adequately capture a person’s innate ability, motivation or potential, then the results may be biased upwards.

There is likely to be some ability bias in the results. People with higher ability are more likely to increase their education which, in turn, is likely to increase their skills more than otherwise. Ability bias can be controlled for by following individuals and their skill development over time. However, because the ALLS data are cross-sectional, they cannot be used to control for underlying ability.

The potential problem of ability bias, in practice, might not have a material effect on the results. Laplagne, Glover and Shomos (2007) used a panel model of labour force participation (which accounts for unobserved factors such as ability) and estimated that having a degree increased the likelihood of participation for females by 20 percentage points compared with a female who only had year 11 or lower education. This compared with a 16 percentage point increase when estimated with a standard model. The differences in model results were smaller when estimated for males, and smaller again when estimated for other qualifications (because the impact of other qualifications on participation is smaller than from having a degree). Therefore, any ability bias present in the data is unlikely to change the qualitative findings.

Estimating the effect of literacy and numeracy skills on wages

To estimate the effect of literacy and numeracy skills on wages, a model developed by Mincer (1974) is used, where wages are modelled as a function of human capital variables including potential experience in the labour market and education. That model takes the form:
Log(W) = (0 + (1ED  + (2EXP + (3EXP2  + (4X + u  
(3)
where:

W is the hourly wage rate



ED is a vector of educational attainment measures



EXP is potential work experience

and 

X is a vector of variables likely to affect wages (see output results in


appendix B for full list).

This model is analogous to equation 1, used to estimate the effect of education on participation. Like that model, equation 3 is then re-estimated to include the effect of functional literacy and numeracy skills:

Log(W) = (0 + (1ED  + (2LitNum  + (3EXP + (4EXP2  + (5X + u
(4)

where:
LitNum is a measure of literacy and numeracy skills (defined above).
If workers with higher functional skills are likely to earn higher wages regardless of their level of education then in equation 3, which only examines the effect of education and income, the observed effect of education on income will reflect the effect of both education and skills (Leigh 2008). Including a variable for functional literacy and numeray skills (equation 4) enables the effect of these skills to be estimated separately from education. Therefore, the addition of the skills variable is expected to reduce the coefficient for education (because skills are now modelled separately).

Sample selection bias and the Heckman model

Sample selection bias can arise if the group of observations for which a model is estimated is not taken from a random sample. In the wages model, the hourly wage rate is the dependent variable. However, wage rates are only observed for people who are employed. As people who are employed tend to have characteristics different to those who are not in the labour force or unemployed, excluding these groups results in a non-random sample being used, which may bias results.

A large literature has evolved to address this potential problem, and a common approach is to run a two-step model, first developed by Heckman (1979). 

Conceptually, a ‘selection equation’ is first estimated for labour force participation, which has a binary outcome (1 or 0). An ‘inverse Mills’ ratio is estimated from this equation, and incorporated into a second equation –– the earnings equation –– as a correction term. A ‘selection effect’ is present if the two error terms from each equation are correlated. By including the correction term, coefficients are adjusted to take account of the selection effect.

In this paper, wage models were first estimated using ordinary least squares (OLS) on the sample of employed persons only. Next, Heckman models were used to estimate a selection equation (on all persons), and a wage equation (for employed persons). The selection equation uses a probit model specification for labour force participation. Although results showed no evidence of a sample selection error, the Heckman model results are presented in chapter 6 as the preferred estimates. For completeness, both the Heckman and standard OLS model results are presented in full (appendix B). The model results were very similar between the OLS and Heckman models.
5.2
Variables used in the analysis

This section describes how the main variables of interest used in the analysis were constructed. Appendix A contains a full list of variables used in all models, including their mean and standard deviations.
Labour force participation

Participation is treated as a binary variable, taking the value 1 for persons in the labour force (employed and unemployed persons) and 0 otherwise.

Wages

Wages are estimated using a measure of the hourly wage rate. The hourly wage rate is defined as weekly income divided by number of hours worked per week.

There are two income measures in the survey data that can be used. One is income from all sources (including government allowances). Another is based on income from a person’s main job only. Similarly, hours worked are reported for a person’s main job only, and for all jobs. In the analysis, the hourly wage rate is obtained using the income and hours data pertaining to a person’s main job only.

Explanatory variables

Explanatory variables are those commonly found in the labour supply literature. Only the human capital variables are described in detail below, as it is the effect of those variables on participation and wages that is the primary focus of this paper.

Literacy and numeracy skills

There are five different skills formally tested for in the ALLS. In addition, there are subjective measures of skills, but these were not used in the analysis (chapter 2).

There are two broad approaches to account for skills in the modelling.

First, a separate variable could be included for various skills (for example, document literacy, prose literacy, and numeracy test scores). However, there is a strong correlation between each skill variable (table 2.1) and there may be collinearity problems if all are included. In their analysis, Chiswick, Lee and Miller (2003) found that only one or two variables were needed to obtain most of the model’s explanatory power. A problem with that approach, however, is that it is difficult to determine which skill(s) should be included and which should not.

A second approach is to construct an index of literacy and numeracy skills by combining the measures that are in the survey. A disadvantage with this approach is that combining the variables makes it difficult to isolate the effect of numeracy from, say, prose literacy on labour market outcomes.

The aim of this paper is to identify the effect of overall functional literacy and numeracy skills on labour market outcomes, and not necessarily the effect of particular components within these functional skills. Therefore, the second approach is the one chosen in the analysis. This method has also been used by others (Barrett 2009; Green and Riddell 2001; Hanushek and Zhang 2006), primarily because the skills are highly correlated with each other.

A single skill variable capturing a person’s literacy and numeracy skills was constructed as follows:

1. The principal component of the document literacy, prose literacy and numeracy test scores (0–500) was estimated. The indicator of problem solving skill was not included in estimation as it is not a measure of functional literacy or numeracy. Furthermore, it is only aggregated to four levels, so it cannot be converted into a skill level 1 to 5 in the same way the other variables are assigned a skill level (see point 4 below).

2. The first principal component (which accounted for about 96 per cent of variation and had almost equal weights for each of the three test scores) was used to weight each of the three skills above (see table 5.1 for principal component analysis). The second and third principal components were not used, as their additional explanatory power was negligible, and the different signs on the weights made their interpretation difficult.

3. The resulting test score was re-indexed to a scale of one to 500, by dividing the aggregate test score by the sum of the principal component weights.

4. The test score was converted into five categorical levels, using the same interval points as in the ABS survey.

5. The following binary variables were also created:

(a) Skill level 2 = 1 if skill level 2, 0 otherwise

(b) Skill level 3 = 1 if skill level 3, 0 otherwise

(c) Skill level 4/5 = 1 if skill level 4 or 5, 0 otherwise

Table 5.1
Principal component analysis for skills variable

	Type of literacy
	Component 1
	Component 2
	Component 3
	Proportion explained
	Cumulative

	Document literacy
	0.5818
	-0.2618
	-0.7701
	0.9604
	0.9604

	Prose literacy
	0.5721
	0.8047
	0.1586
	0.0289
	0.9894

	Numeracy
	0.5782
	-0.5328
	0.6179
	0.0106
	1.0000


Source: Productivity Commission estimates based on the ALLS (2006).
In each model that was estimated, either the continuous literacy and numeracy measure (defined in point 3) was used, or the binary variables (defined in point 5) were used. The continuous measure has the benefit of providing more data points, while the skill levels approach provides a more meaningful interpretation of what is being estimated. For example, with only skill level 1 excluded from the model, the coefficient for skill level 3 estimates the effect of increasing functional literacy and numeracy skills from level 1 (representing a person with the lowest level of literacy/numeracy) to level 3 –– the minimum level required for a person to effectively participate in the workforce.
The preferred approach in the analysis, and presented in chapter 6, was to use the skill level variables. (However, full estimation output using a continuous skill variable can also be found in appendix B.) The resulting vector of skill variables (defined as LitNum in section 5.1) should be interpreted as measuring overall functional literacy and numeracy (as defined in chapter 2). Barrett (2009) and others have also said that this variable can be interpreted as measuring cognitive skills.
Education

Four categories of educational attainment were used: Year 11 or lower; Year 12; Diploma or Certificate; and Degree or higher. These were aggregated from more detailed levels of education reported in the survey (table 5.2). Years of education was not used because, as discussed above and in other studies, the time taken to complete a course of study can vary significantly among individuals. 

Year 11 or lower is the benchmark from which the effects of the other three categories of highest education level were estimated and compared. As such, Year 11 or lower does not appear in the modelling results presented in chapter 6.

Table 5.2
Educational attainment variables used in the modelling

	Survey data response
	Aggregated educational level of attainment

	Postgraduate degree
	Degree or higher

	Graduate Diploma/Graduate Certificate
	Degree or higher

	Bachelor Degree
	Degree or higher

	Advanced Diploma/Diploma
	Diploma/Certificate

	Certificate III/IV
	Diploma/Certificate

	Certificate I/II
	Year 11 or lower

	Certificate not further defined
	Year 11 or lower

	Year 12
	Year 12

	Year 11
	Year 11 or lower

	Year 10
	Year 11 or lower

	Year 9
	Year 11 or lower

	Year 8 or below including never attended school
	Year 11 or lower


Source: Based on the ALLS (2006).
The particular education levels were chosen because they were also used to analyse the effects of education (and health) on labour force participation by Laplagne, Glover and Shomos (2007) and on wages by Forbes, Barker and Turner (2010). Therefore, modelling results can be compared with the results from those papers.

5.3
Estimation sample

Each model was estimated separately for males and females. This was done for a number of reasons. The decision to participate is likely to vary according to sex –– females typically work less after the birth of a child. Thus, the impact of some variables on participation and wages is likely to differ for men and women. 
In particular, the effect of education on the likelihood of participation and on wages has been shown to vary in its magnitude for men and women (Laplagne, Glover and Shomos 2007; Forbes, Barker and Turner 2010). Thus, for the variables of interest in this analysis –– education and literacy –– it is useful to examine their effects on men and women separately.
The sample was restricted to 25–64 year olds. Educational attainment is a variable of interest, and was estimated using indicators for highest level of educational attainment a person has completed. As many people under 25 might not have completed their highest level of education (Leigh 2008), they were excluded from the analysis. Similarly, people aged 65 and over were excluded as the majority of that group would have reached pensionable age.
Unweighted data were used in estimation. Models were estimated with Stata, and processed using the ABS’s Remote Access Data Laboratory (RADL).

In the next chapter, results from the econometric models above are presented. (Full estimation output is in appendix B.)
�	In their analysis, Chiswick, Lee and Miller (2003) used potential labour market experience as a control variable. Age is used here, but in practice both are highly correlated as potential labour market experience is defined as age minus years of education minus 5.


�	Ability bias may also affect results for the wages model presented below.
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