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I.

Introduction

Measuring income inequality has long been of interest in applied social and economic
research in Australia. Inequality can have social and political implications as Wilkinson
(2006) argues this may create social and political conflict, violence, depressions and other
issues. Knowing inequality is important because it helps policy makers to understand better
the cause of inequality and may target policy program better.
In comparison to other OECD countries, the data in mid 2000s, shows that Australia sat
at around the middle rank (ranked 19 out of 34 reported OECD countries from the highest to
the lowest inequality) with a Gini coefficient of 0.315 which was close to the OECD
inequality on average at 0.316. This was substantially higher than Denmark, which had the
lowest inequality of 0.232, but much lower than Chile, which had the highest inequality of
0.503 (OECD 2013)1. While this provides us with a picture of where Australia falls
internationally in terms of income inequality, much more can be said about the nature of
inequality in Australia, and in this paper we focus on a sub-national analysis of Australia’s
income inequality.
Previous Australian studies mostly consider Australian income inequality at a national
level, with only a few authors studying this phenomenon at a regional level. However, as
there is increasing interest in studying regional diversity in inequality, as discussed by
Athanasopoulous and Vahid (2003), policy makers are now interested in examining income
inequality within and between regions (Gregory and Hunter 1995; Lyold et al. 2000;
Chotikapanich et al. 2005). Just as the fruits of the recent economic boom are not spread
evenly across all regions in Australia (Miranti et al. 2010; Saunders et al. 2008; Vu et al.
2008; Meagher and Wilson 2008), it is likely that the average Gini we see nationally is in fact

1 Gini coefficients are calculated for total population after taxes and transfers.
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much higher (or lower) in some areas. There is some support for this notion in previous
literature.
Internationally, there have been several studies that seek to measure inequality at
broader geographic levels in order to analyze the regional disparities within a country.
Trendle (2005) explains that the spatial variation of income inequality has been a debate
within the field of regional science. Examples of this research includes Loikkanen et al. (2002)

who examine inequality for Finland; Akita (2003) for China and Indonesia; Gray et al. (2003)
for Canada; Balisacan and Fuwa (2003) for Philippines and Elbers et al. (2005) for Ecuador.
However, there are few international studies that have sought to measure inequality at smaller
geographic levels. Among these studies, Elbers, Lanjouw and Lanjouw (2003) and Tarozzi
and Deaton (2009) have developed methods to calculate small area poverty and inequality in
developing countries. Further, Ballas (2004) uses microsimulation to estimate the trends in
poverty and inequality for two cities in England.
Some Australian research has attempted to measure income inequality at a small
geographic area. Most of this research uses Statistical Division (SD) level data – a more
aggregated geographical level than we use in this study. For example, Maxwell and Peter
(1988) measure income inequality in 1976 and 1981 using Australian Census data and further
examine the determinants of these inequality differences; McGillivray and Peter (1991)
measure income inequality and examined its determinants in 1976, 1981 and 1986. O’Hagan
(1999) examines income inequality and population movements in Victoria from 1981 to 1996
at a statistical division level. However, some current research focuses on more detailed
regional disaggregation, although this has often been limited to selected states only. For
example, Athanasopoulos and Vahid (2003) measure income inequality in selected and
combined small areas (using statistical subdivisions) in New South Wales and Victoria (and
some larger areas of other states) whilst, Trendle (2005) calculates income inequality and
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examines sources of regional income inequality for Local Government Areas (LGAs) in
Queensland.
This research contributes to international research on small area inequality and expands
the previous research for Australia with two improvements. First, this research explores
inequality for small areas using equivalised household disposable income data calculated
using spatial microsimulation techniques, whilst for example, Athanasopoulos and Vahid
(2003) use gross income. As disposable income data is not available at a small area level, a
spatial microsimulation model is used to calculate inequality. Using equivalised household
disposable income increases the strength of the results, as a more accurate measure of living
standards is able to be obtained as it measures resources available to households after paying
income tax (Lyold et al. 2000) and a truer measure of inequality as argued in Harding (1997)
there is some evidence that the income tax system has become more progressive and provides
an offsetting force to growing inequality of gross income. Second, the unit of analysis used in
this paper is the Statistical Local Area (SLA), which is a smaller geographical unit than any
that has been used in previous Australian studies. Using a smaller spatial unit has several
advantages, including the ability to pinpoint pockets of inequality, to link these with other
small area characteristics, and to assist with effective policy and program targeting. An
additional advantage of the methodology used in our analysis is that it gives a more precise
measure of inequality, than traditional measures, due to the ability of spatial microsimulation
to create the distribution disposable household income at small area level.
In this paper, inequality at a small area is estimated using conventional Gini coefficient
methodology, and the Australian state of New South Wales (NSW) is used as a case study.
NSW is the most populous state in Australia, housing Australia’s most well known city –
Sydney, and containing around 32.9 percent of Australia’s total population in 2006. There are
three main objectives of this research. Firstly, to provide valuable information about regional
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inequality at a small area level at a more disaggregated geographical level than what has been
done previously. Secondly, to explore another use of spatial microsimulation and demonstrate
its superiority in this area. And finally, to identify characteristics which previous research has
found to be associated with inequality at a broader spatial level, and test if these relationships
exist at a smaller level.
The remainder of this paper is organised as follows. The following section outlines the
data and spatial microsimulation methodology used in this paper. Section III discusses how to
measure inequality. Section IV describes the validation of our results, which are then
discussed in Section V and finally Section VI provides a conclusion and policy implications.
II.
i.

Data and Methodology

Data
All data used in this study are originally sourced from the Australian Bureau of

Statistics (ABS). All income data are sourced from the 2005-06 Survey of Income and
Housing (SIH). For the spatial microsimulation analysis, the 2006 Census and the 2003-04
and 2005-06 ABS Surveys of Income and Housing are combined to maximize sample size.
The spatial microsimulation methodology is discussed further in section II.2 Validation is
conducted using national, state, and small area level data published by the ABS, using the
2006 Census and the latest available Confidentialised Unit Record Files (CURF) survey data
(2005-06 SIH).
The 2003-04 SIH has a sample size of 11,361 households whilst the 2005-06 SIH has a
sample size of 9,961 households. The sample used by the ABS for the SIH covers occupied
private dwellings only. In contrast to the Census, the SIH has rich, detailed information about
a range of socioeconomic variables, including disposable income. This detailed information
on the SIH allows Gini coefficients to be generated using equivalised disposable income, in
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comparison to Census data which only provides income in ranges and available as gross
income only. However, the SIH does not provide a detailed geographical disaggregation.
Therefore, the SIH is suitable for analysing inequality at a larger geographical area such as
national or state level, but not for small areas; while the Census is suitable for analysing many
household characteristics at a small area level, but does not provide enough income data to
create acceptable measures of inequality. Our spatial microsimulation techniques bring these
two data sources together, using the Census to provide reliable small area benchmarks, which
are used to reweight the SIH data.
The Gini coefficients are calculated at person level using household income, as we
assume income sharing within households and, prior to conducting the analysis, negative
household incomes are recoded to zero to follow the standard approach of the ABS (Li 2005).
Li (2005) and Saunders et al. (2008) argue, some analysis has shown that the expenditure
patterns of those households with zero and negative incomes are inconsistent with their
reported low income.
Disposable household income is chosen since this is a better measure for income
distribution analysis as it measures resources available to households after paying income tax
(Lyold et al. 2000) and as argued in Harding (1997) there is some evidence that the income
tax system has become more progressive and provides an offsetting force to growing
inequality of gross income. Nevertheless, in the small area validation section, gross household
income will be used for testing the spatial microsimulation results since the income in Census
data is only available as gross household income. In common with other research, disposable
household incomes are equivalised, so that rankings of income will then take into account the
differences that household size and composition make to standards of living. Equivalence
scales give ‘points’ to each adult and child in the household, and then the household’s
disposable income is divided by the sum of these points so that incomes can be compared
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across different types of households. Here we use the modified OECD equivalence scale,
which assigns the following values: 1.0 point for the first adult; 0.5 for each of the remaining
adults and 0.3 for each dependent child in the household. It should be noted that for the
purposes of calculating equivalised income, dependent children are defined as only those
children aged less than 15 years, in common with current Australian practice.
The spatial unit used in this paper is the Statistical Local Area (SLA). The SLA is one
type of standard spatial unit described in the Australian Standard Geographic Classification
(ASGC) 2006 and is based on the boundaries of incorporated local government bodies where
these exist (ABS 2007a). The 2006 Census data covered 1,426 SLAs in Australia which
include 200 SLAs in NSW.
There are two main reasons why the SLA is used as the unit of analysis in this study.
First, the SLA is the smallest unit in the ASGC where there are not substantial issues with
confidentiality. Second, SLAs cover the whole of Australia (as opposed to other spatial unit
such as Local Government Areas which do not cover areas with no local government) and
cover contiguous areas (unlike some postcodes).
To examine the characteristics of these SLAs, data from the 2006 Census are used2,
including proportion of immigrants, indigenous, managers and professionals, female labor
force participation, and proportion of people living in public housing.
ii.

Spatial microsimulation methodology
Spatial microsimulation is essentially the calculation of a set of small area weights. By

combining detail available on data-rich surveys with detail available on the geographically
rich Census, we are able to create synthetic data that accurately estimate certain socio-

2

At the time this paper was written, the latest 2011 Census has not been yet published.
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economic phenomena that are closely related to the benchmarks which works as a predictor or
determinant in the estimation to calculate these weights.
A set of data that is directly comparable between the survey and Census data is selected,
and adjusted into appropriate cross-tabulations and groupings. These tables are known as
“benchmark” tables, and currently comprise the variables shown in Table 1. As shown in
Table 1, most of the benchmark tables are at household level, and only three of them are
“person” level benchmarks.
Table 1 about here
Both the survey data and the Census are adjusted and manipulated in order to gain
alignment for use in the reweighting process. Income values are uprated on both surveys using
average weekly earnings in order to coincide with 2006 dollar values and mortgages and rents
are also uprated using a factor derived from the Consumer Price Index. Extensive work has
been undertaken for all benchmark components to ensure that they have the same definition
and coverage on both the Census and the SIH (see Cassells et al. (2012; 2010) for more
detail).
The reweighting process is carried out for the whole of Australia and followed the
methodology described in Chin and Harding (2006) and Cassells et al. (2012; 2010). The
procedure used is a SAS macro called GREGWT which uses an iterative constrained
optimization technique to calculate weights that best represent all the Census benchmarks.
The procedure is a generalised regression procedure outlined in Bell (2000). Because the
reweighting process is an iterative process, there are areas where the procedure does not find a
solution. If there is no solution found after 30 iterations, then the process has not converged.
Those SLAs where the process does not converge are usually SLAs where the population is
quite different to the sample population – for example, industrial estates or inner city areas.
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However, for 29 SLAs within NSW, it is found that the GREGWT criterion for nonconvergence is too strict: even after iterating 30 times and not converging, the estimates
obtained from the weights were still reasonable when compared with the benchmarks.
Therefore, a new criterion for reweighting accuracy, which uses the total absolute error (TAE)
from all benchmarks is developed in order to maximize the number of SLAs for which we can
produce valid data. With the latest criteria, if the absolute total error from all the benchmarks
is greater than the population in that SLA, then the accuracy criteria has failed, and the SLA is
dropped from any further analysis. Generally, the convergence criteria and the accuracy
criteria provide the same results when an area has obviously not converged; but for marginal
areas, the area may reach the maximum number of iterations but still provide a reasonable
total absolute error. In the final results, TAE criteria are used rather than the GREGWT
convergence criteria.
While the acceptance rate of SLAs is overall very high (especially when considered in
population terms), we lose almost a third of the Northern Territory population in this
reweighting process, however as this research concentrates on NSW, this does not affect the
results.3 Using the TAE criteria, only 2 SLAs are lost from NSW. This represents 0.34 per
cent of the total NSW population (Table 2).
Table 2 about here
One SLA is further excluded from the sample where the estimated population size is
less than 30 persons, as this population size is considered to be too small to produce reliable
estimates. This additional criterion produces a total of 197 SLAs used to analyse inequality
within NSW.

3. Only 0.79 per cent of the total Australian population in 2006 are lost in the reweighting process.
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III.

Calculating Inequality

There are various ways to measure inequality (see ABS (2006b) for a summary of
measures of inequality including the Theil and Atkinson Index). This paper uses a Gini
coefficient which measures disparity between each person in the population and every other
person in the population through income. Gini coefficients are used to measure inequality for
two reasons as follows (i) the Gini coefficient is the most commonly used summary measure
(Athanasopoulous and Vahid (2003) and ABS (2006b)); and (ii) Gini coefficients are the only
statistical measure of income distribution (at the national and state level) published by the
ABS and thus allow us to validate our spatially microsimulated small area Gini coefficient
estimates.
As discussed in Athanasopoulos and Vahid (2003, p. 414), the Gini coefficient satisfies
the three basic criteria of acceptable inequality measures proposed by Sen and Foster (1997),
1) Scale independence: which states that if every individual’s income in a society
changes at the same proportion, the inequality measure in that society will not change;
2) Invariance to replication of population: which means if the population size is doubled
by keeping the exact characteristics of the original population, the inequality measure will not
change;
3) Compliance with the “Pigou-Dalton” principle of transfers: which means that
inequality is expected to increase if there is an income transfer from a poorer person to a
richer person and to decrease if the transfer is from a richer person to a poorer person (see
Athanasopoulos and Vahid (2003) for further detail).
The Gini coefficient is often calculated using the following formula (ABS 2006b, pp. 6).
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G   2  yi  y j
 2n   i , j
(1)
Where;
n = the number of people in the population
 = the mean equivalised disposable household income of all people in the population
And yi and yj are the equivalised disposable household income of the ith and jth persons
in the population.
Alternatively, the Gini coefficient can also be calculated by examining the Lorenz curve.
The Lorenz curve is a curve with the horizontal axis showing the cumulative proportion of the
persons in the population ranked according to their income and with the vertical axis showing
the corresponding cumulative proportion of equivalised disposable household income.
As indicated in Figure 1, the Gini coefficient is a measure of the area between the
Lorenz curve and the 45 degree line, calculated with this formula:
 A 
G
 A  B 

(2)

The Gini coefficient has a value between zero and one. A value of zero means perfect
equality, a situation in which everyone in the population lives in a household with the same
level of equivalised income. A value of one indicates perfect inequality, a situation where one
person holds all the income. Smaller Gini coefficients indicate a more equal distribution of
income.
Figure 1 about here
In this paper, as explained earlier, the household weights generated from the spatial
microsimulation model are applied to calculate Gini coefficients at a small area. Therefore,
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the estimates of Gini coefficients are calculated using a weighted Gini formula as adapted in
Harding and Greenwell (2001).
Applying household weights in each SLA to calculate Gini coefficients is challenging as
there is no actual unit record data to calculate the Lorenz curve. Therefore, as highlighted in
Harding and Greenwell (2001), the income distribution is determined by ranking people by
their equivalised household income. Consequently, if a household has five people, their
equivalised income will be counted five times, not once.
IV.

Validation

As the estimates of the Gini coefficient are calculated using spatial microsimulation
techniques, we undertake a set of validation procedures in order to check the accuracy of our
synthetic estimates. Two procedures are used to validate the Gini coefficient estimates. These
processes and results are described further below.
i.

Small Area Validation

We used data directly from the 2006 ABS Census of Population and Housing as a point
of comparison for our small area Gini coefficient estimates. The Census contains equivalised
gross household income, and these data are only available in categories (in this case there are
eight groups of income), not as a continuous variable, which limits our validation somewhat.
To calculate Gini coefficients using the Census data, the median value from each
income range is calculated as the variable is categorical. Median income for each income
range is calculated from the 2005-06 Survey of Income and Housing an applying the same
income ranges used in the Census. All persons are allocated within each income range the
same income value as we assume that there is an even distribution of income within each
income range, and that the data are not skewed. For example, there are 1,617 persons within
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an SLA, that fall in the Census income category of $1-$149 per week. Thus, for the purpose
of calculating the Gini coefficient, it is assumed that each of these 1,617 persons have the
same equivalised gross household income of $73.10 which is the median equivalised income
of this income range derived from the 2005-06 SIH.
It is noted that the Census validation data is limited by the categorical income groupings
while the data derived from spatial microsimulation estimates is continuous and thus cover
more groups of income. However, this is likely to result in Gini coefficient calculated from
spatial microsimulation estimates being higher than the Gini coefficients calculated from the
Census. This phenomenon is illustrated by Figure 2.
Figure 2 about here.
As shown in Figure 2, the “Asm” area (the red-shaded area) which has six groups of
income (please note that this is for an example only as the actual data has many more groups
of income) calculated from spatial microsimulation is larger than the “Acs” area (the orangeshade area) calculated from the Census data which has only three groups. As a consequence,
applying the simple equation (2) to calculate the Gini coefficient, we will find that:

 Asm   Acs 


  G sm  G cs , since Asm  Acs and Asm  Bsm  Acs  Bcs (4)
 Asm  Bsm   Acs  Bcs 
where:
sm refers to spatial microsimulation and cs refers to Census.
Further, figure 3 shows the relationship between the Gini coefficients calculated using
Census data (Y-axis) and those calculated using spatial microsimulation data (X-axis)
Figure 3 about here
Despite these differences, we find that our estimated Gini coefficients and Census Gini
coefficients are closely matched for the majority of SLAs with a coefficient of determination
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value of 0.897. Thus we are confident that the spatial weights we have used are giving
reasonable results for the small areas in NSW. Further, the Spearman rank correlation to
measure the linear relationship between the two sets of ranked data is 0.958 for NSW,
reflecting a high and positive linear relationship between these two ranked data.
ii.

Aggregated Data Validation

The aggregated data validation is conducted using equivalised disposable household
income data from the 2005-06 SIH. Income collected from the survey is argued to provide
more accurate estimates of the distribution of income than income collected from the Census
as interviewers are involved in collecting data directly from the survey respondents, whereas
for the Census, the respondents complete the Census questionnaires without an interviewers’
guidance (Maxwell and Peter 1988).
The Gini coefficients estimated at a SLA level are aggregated to the state and capital
city and balance of state levels in order to compare these results directly with results available
at this geographic level from the SIH.
Table 3 indicates that while the Gini coefficient estimates from spatial microsimulation
tend to be higher than estimates from the 2005-06 SIH, the results are generally aligned4. The
slightly higher estimates from SpatialMSM/09C are possibly due to benchmarking to Census
data, which may have a greater amount of persons reporting lower incomes than the sample in
the SIH, however overall the results are very promising. It is also found that the Gini
coefficient estimates for the balance of each state have greater differences than those
estimated for each capital city.
Table 3 about here

4 Results from Victoria (another populous Australian state) have also been included to show the aggregate
patterns.
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The aggregated data validation also shows that in general the capital cities have a higher
Gini coefficient when compared to the balance of each state. This finding confirms previous
research (Lloyd et al. 2000; Bray 2001). This may reflect that the capital cities in Australia are
more heterogeneous in terms of income than the balance of state areas, as cities have a
predominance of upper-middle income households together with very low income households
(Lloyd et al. 2000).

V.

The Spatial Distribution of Inequality

Figure 4 shows the natural breaking of inequality for New South Wales SLAs. The 197
areas are ranked and then divided into five categories according to where the greatest
differences are in the data. Similarly figure 5 applies the same natural break categories for the
whole of New South Wales to Sydney. The palest colour on the map represents areas that
have the lowest income inequality category (the lowest Gini coefficient) while, in contrast, the
darkest colour on the map represents areas with the highest income inequality (the highest
Gini coefficient). The missing data on maps represents the excluded SLAs due to inadequate
estimates and population sizes, as discussed earlier. The Gini coefficients in New South
Wales vary between 0.262 and 0.369.
Figure 4 about here
Comparing figures 4 and 5, over 50 per cent of SLAs in the highest income inequality
category (29 SLAs) lie within the capital city - Sydney (16 SLAs). SLAs with high income
inequality are mostly clustered in Sydney, with some additional high inequality SLAs
scattered throughout the state balance. In Sydney, these SLAs run in a horizontal corridor,
from east to west, starting at the inner city suburbs of Waverley, Woollahra, Randwick,
Ashfield and Strathfield, and flowing out along the western motorway (M4) and the major
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train line, towards the western suburbs of Auburn and Parramatta. For the balance of New
South Wales, most SLAs with high inequality are concentrated in the remote far west and
north western areas of New South Wales.
Figure 5 about here
i.

Literature on Determinants of Inequality
Previous research has uncovered factors that are considered to be determinants of

inequality in Australia (see for example Maxwell and Peter 1988; McGillivray and Peter
1991; Trendle 2005). These factors include the magnitude of particular groups that are often
associated with low income, including immigrants, indigenous persons and public housing
tenants; as well as those that are closely related with high income, such as those with ‘highend’ occupations. We also examine the relationship between female labor force participation
rates (FLPR) and inequality. Interestingly, previous literature has shown that the relationship
of many of these variables to inequality, (particularly regional inequality) is often ambiguous.
In terms of immigrants, literature has discussed different groups of overseas born
population in Australia. The first group is an older generation of immigrants such as Italian
immigrants who arrived in Australia after WWII in the 1950s and Vietnamese who arrived in
the mid-1970s after the Vietnam War, as discussed in Greig et al. (2003). These immigrants
are characterized by limitations such as language barriers, low education levels, and racial
discrimination, which in turn have resulted in a concentration of low paid occupations. This
group of immigrants is more geographically dispersed and consequently their presence is
expected to have a positive correlation with inequality. On the other hand, the relationship
between another group of immigrants who are a younger generation that tends to be more
concentrated in specific regions and earning similar levels of income. However, the literature
discussed that relationship between this group of immigrants and inequality are ambiguous. It
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is expected that this group of people has a negative correlation with inequality (McGillivray
and Peter 1991). Nevertheless, although it is noted that many of these younger generations of
migrants are highly skilled, yet Greig et al. (2003) find that their qualification may not be
readily recognized. In addition, these immigrants are likely to be concentrated in a few urban
areas, and strongly attached to their community, and some experience limited labor market
opportunities or what Greig et al (2003) argue as being limited by the “ethnic mobility trap”
(Greig et al, 2003 pp.128), and consequently having a positive relationship with inequality.
The proportion of Indigenous persons in SLAs is argued to have a positive correlation
with regional inequality as these populations tend to have lower levels of educational
attainment, do not have as many opportunities to work in highly skilled occupations (Trendle
2005), and are more likely to be unemployed and dependent on government benefits.
Previous research has found a positive relationship between female labor force
participation and inequality with two different reasons. However, these differences are likely
to be due to the differing types of income used to measure inequality. Trendle (2005) finds
that female labor force participation has a positive correlation with inequality (measured using
personal income) as this group of workers may have a higher probability of experiencing a
career break/disruption or to work part time in order to care for children or families and earn
lower incomes. However, McGillivray and Peter (1991) argue if those females who enter a
labor market in a region are married, the number of families with double incomes in that
particular region will also increase, which is expected to lead to greater inequality (measured
using family income).
Much of the previous literature discusses the relationship between a country’s income
distribution and the stage of economic development (Kuznet 1955; Williamson 1965 for
international literature and Amos 1986; Maxwell and Peter 1988 and McGillivray and Peter
(1991) for Australia). The stage of development is usually represented by ‘real’ average
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income which is adjusted to reflect different costs of living across areas in Australia (Maxwell
and Peter 1988). Since it is difficult to find a comprehensive cost of living index, Maxwell
and Peter (1988) suggest using the proportion of the population with a post school
qualification to represent the level of development. A high proportion of this variable may
represent a higher level of regional development (Maxwell and Peter 1988). The proportion of
the population with post school qualifications is expected to have a negative association with
inequality (Maxwell and Peter 1988; Trendle 2005). Nevertheless, the relationship between
inequality and the proportion of people with post school qualifications may also be
ambiguous as Amos (1986) as cited in McGillivray and Peter (1991, pp. 137) argues, there is
an “augmented inverted U” relationship between income inequality and the level of
development, whilst McGillivray and Peter (1991, pp. 140) argue “short-run oscillations”
between income inequality and the level of development which proposes a possibility of
positive association between income inequality and the level of development. Glaeser,
Resseger and Tobio (2008) find that an increase in the share of college graduates increases
inequality (using the Gini coefficient as a proxy) in urban areas. In this paper, we use the
proportion of people with at least a bachelor degree to represent post school qualifications.
The proportion of the population who are employed as either a manager or professional
represents a highly skilled workforce, and these persons generally have higher incomes than
employees in other occupations (Lyold, 2000). People who are employed as managers and
professionals are also most probably those people with a post school qualification. Glaeser,
Resseger and Tobio (2008) argue that the inequality of human capital within a region is
related to returns to skill, and that those with a post school qualification will be concentrated
in places where the return to human capital is higher (mostly in urban areas). Thus, it is also
likely these persons with highly skilled occupations are concentrated together, and follow a
similar pattern for those people who have a post school qualification, thus areas with a high
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proportion of people employed in professional and managerial occupations may also have
high inequality.
We are unable to find any literature detailing the relationship between inequality and
public housing, however in the Australian context, it is likely that persons living in public
housing also have very low incomes. The presence of public housing within small areas is
likely to increase income inequality, as it increases the number of persons in the lower end of
the household income distribution, however this will also depend upon where the public
housing is primarily located.
ii.

Relationship between Regional Characteristics and Inequality
Table 4 shows the average proportion of persons in each Gini coefficient group by

selected characteristics for all of NSW. It can be seen that SLAs in the highest inequality
group are characterized by, on average, high proportions of immigrants, Indigenous persons,
people working as managers and professionals, female labor force participation, and public
housing tenancy (in comparison to other Gini coefficient groups). However, it is interesting
that the lowest inequality group in NSW also has a high proportion of immigrants, and high
female labor force participation.
Table 4 about here
Table 5 shows some clear differences in characteristics between Sydney and the balance
of NSW (rural areas of NSW), and enables the patterns in Table 4 to be further fleshed out.
The average proportion of immigrants has an opposite relationship for Sydney and rural
NSW, with the highest average population of immigrants in the balance of NSW in the lowest
inequality group, yet for Sydney, the highest average proportion of immigrants is in the areas
of the city with the highest levels of income inequality.
Table 5 about here
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The effect of average Indigenous populations for each area also differs, with an
increasingly larger average proportion of Indigenous persons as inequality increases. For the
highest inequality group in the balance of NSW, around 15.2 per cent of the population is
Indigenous, whereas, for the lowest grouping, only around 3.7 per cent of the population is
Indigenous. This is a relationship that is supported in the literature, where the proportion of
Indigenous persons in SLAs is argued to have a positive correlation with regional inequality
as these populations tend to have lower levels of educational attainment, as Trendle (2005)
said that they do not have as many opportunities to work in highly skilled occupations and are
more likely to be unemployed and dependent on government benefits. For Sydney, overall,
there are much lower average proportions of Indigenous persons throughout the SLAs,
ranging from only 0.7 to 1.7 per cent, and the pattern of Indigenous persons for each
inequality grouping appears to be the reverse of that of the balance of NSW, with the highest
proportion of Indigenous persons in the lowest inequality grouping. This may be because
they live in the inner-city suburbs of Sydney where lots of rich people live, therefore high
proportion of Indigeneous does not make any difference to the level of inequality.
The greater presence of persons working at higher occupational levels (managers and
professionals), has a positive relationship with inequality levels - increasing as inequality does
for both the balance of NSW and Sydney. This is supported by research from Glaeser,
Resseger and Tobio (2008) who argue that the inequality of human capital within a region is
related to returns to skill, and that those with a post-school qualification will be concentrated
in places where the return to human capital is higher (mostly in urban areas). Thus, it is also
likely these persons in highly skilled occupations are concentrated together, and follow a
similar pattern for those who have a post school qualification, thus areas with a high
proportion of people employed in professional and managerial occupations are likely to have
high levels of inequality.
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Whilst previous research has found a positive relationship between female labor force
participation and inequality, we find that the average female labor force participation has a U
shaped pattern for both Sydney and the balance of NSW, where the highest average
participation rates are in both the lowest and highest income inequality groupings. The high
average female labor force participation in both the lowest and highest inequality groupings is
likely to represent two different female populations. For the highest inequality area in Sydney,
it is likely that the group of women living here are mostly single or partnered professionals,
working full-time without children. For the lowest income inequality areas, yet high female
labor force participation, the group of women here are likely to be women with children,
working part-time and living in the outer suburbs.
The presence of public housing within small areas is likely to increase income
inequality, as it increases the number of persons in the lower end of the household income
distribution; however this will also depend upon where the public housing is primarily
located. Thus from Table 5, it is found for Sydney, public housing fluctuates between groups
and there is no clear pattern. This could be due to public housing being located primarily in
areas that have not too dissimilar private housing income distributions. However, for rural
NSW, the highest inequality grouping also has the highest average proportion of persons in
public housing – at 5.2 per cent.
VI.

Conclusion and Policy Implications

This research has demonstrated that spatial microsimulation is an effective analytical
tool that can be used to enhance estimates of inequality at small geographic levels. The
validation process shows that our results are robust, and are closely aligned with small area
estimates from the 2006 Census, using equivalised gross household income, and aggregated
data obtained from the spatial microsimulation process, compared with direct estimates
calculated from the 2005-06 Survey of Income and Housing.
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Although there are slight differences in terms of magnitude, the weights give reasonable
results for the vast majority of small areas in NSW with the broad regional rankings being
very similar across both the Census and the synthetic estimates. The aggregation to state
average shows that whilst the Australian Gini coefficient is 0.308, it is higher for NSW
(0.322).
Our research illustrates that there are clear groupings of SLAs with high income
inequality both in Sydney and rural NSW, providing useful information for policy makers and
program targeting. While a comprehensive multivariate analysis of the determinants of
inequality is beyond the scope of this paper, further analysis of the inequality groupings are
carried out to examine various characteristics of small areas which previous research have
found to be correlated with inequality.
Our findings show that, as expected, the highest inequality small areas in NSW are
characterized by a mixture of people at the higher end of the income distribution (such as
those working as managers and professionals) and the bottom of the income distribution (such
as the proportion of the population living in public housing).
The findings of this research show that inequality does differ considerably when drilling
down to smaller spatial areas. These findings are important, as they can aid in making
regional policy aimed to reduce inequality more effective. By knowing which small areas are
more unequal in regards to income, together with the characteristics of these areas, policy
makers and service providers are able to better understand the intricacies of inequality and
identify possible drivers, which can aid in more efficient targeting of programs and policy.
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Table 1
Benchmark tables used for SpatialMSM/09C
No
1
2
3
4
5
6
7
8
9
10
11
12

Benchmark Table
All household type
Age by sex by labour force status
Tenure by weekly household rent
Tenure by household type
Tenure by weekly household income
Persons in non-private dwellings
Monthly household mortgage by weekly
household income
Dwelling structure by household family
composition
Number of chidren aged under 15 usually
resident in household
Number of adults usually resident in household
Weekly household rent by weekly household
income
Gross equivalised weekly household income by
age

Level
Household
Person
Household
Household
Household
Person
Household
Household
Household
Household
Household
Person

Source: ABS Census Population and Housing 2006

Table 2
Number and characteristics of failed SLAs
State/Territory

New South Wales
Victoria
Queensland
South Australia
Western Australia
Tasmania
Northern Territory
Australian Capital
Territory
AUSTRALIA

Total SLAs

Failed SLAs

Proportion of
failed SLAs

200
210
479
128
156
44
96
109

2
7
45
7
17
2
53
16

1.0%
3.3%
9.4%
5.5%
10.9%
4.5%
55.2%
14.7%

Proportion of persons
living in failed SLAs out
of all persons within
state/territory
0.34%
0.52%
0.75%
0.32%
0.87%
0.15%
28.37%
0.61%

1422

149

10.5%

0.79%

Source: SpatialMSM/09C applied to SIH2003-04 and SIH2005-06, ABS Census Population and Housing 2006
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Table 3
Comparison of Gini coefficient estimates from the 2005-06 Survey of Income and Housing
and SpatialMSM/09C
State
New South Wales

Victoria

Capital city/
Balance of state
All
Sydney
Balance of state
All
Melbourne
Balance of state

Australia

SpatialMSM/09C
0.322 (+)
0.324(+)
0.300(+)
0.306
0.308(-)
0.290(+)
0.308(+)

2005-06 SIH
0.317
0.321
0.287
0.306
0.309
0.274
0.307

*
*
*
*

Note: + (-) indicates where the estimates from spatial microsimulation are higher or lower than the estimates
directly from 2005-06 SIH; *indicates that the coefficients have been calculated by authors. The Gini data at the
capital city and balance of state level are not available from the ABS publication.
Source: ABS (2007b; 2008) and SpatialMSM/09C applied to 2003-04 and 2005-06 SIH, ABS 2006 Census of
Population and Housing.

Table 4
Average proportion of persons in each Gini coefficient group by selected characteristics, all
NSW, 2006
Gini coefficient

Immigrants

Indigenous

Managers and
professionals

Female
LFPR

Public
housing

%
16.37
12.21
12.73
15.53
23.79

%
2.61
3.27
3.06
4.62
7.19

%
28.56
30.59
33.97
39.70
46.17

%
56.25
51.28
51.12
52.04
54.59

%
3.42
3.94
3.54
3.33
4.51

0.262 – 0.280 (22)
0.281 – 0.292 (51)
0.293 – 0.304 (44)
0.305 – 0.321 (51)
0.322 - 0.369 (29)

Source: ABS Census Population and Housing 2006

Table 5
Average proportion of persons in each Gini coefficient group by selected characteristics,
balance of NSW and Sydney, 2006
Gini coefficient

0.262 – 0.280
0.281 – 0.292
0.293 – 0.304
0.305 – 0.321
0.322 - 0.369

Immigrants

Indigenous

Managers and
Female LFPR
Public housing
professionals
NSW - Sydney NSW - Sydney NSW - Sydney NSW - Sydney NSW - Sydney
balance
balance
balance
balance
balance
9.05
22.46
3.66
1.73
28.49
28.61
53.00
58.95
3.46
3.39
8.68
25.22
3.74
1.54
30.86
29.60
50.65
53.58
3.34
6.14
8.23
33.00
3.61
0.59
33.64
35.48
50.56
53.67
3.54
3.58
5.99
36.40
6.50
0.52
38.86
41.52
51.65
52.89
2.96
4.13
5.90
38.34
15.17
0.71
44.66
47.39
54.44
54.70
5.17
3.98

Source: ABS Census Population and Housing 2006
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Figure 1
Lorenz Curve

G =0 when all
people have the
same level of
income
Cumulative share of income
earned

A

B

Lorenz curve

Cumulative proportion of population from the poorest to the richest
Source: modified from Athanasopoulos and Vahid (2003)
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Figure 2
Comparison of Gini Coefficients estimated from spatial microsimulation and Census data

Cumulative share of income
earned

Acs

Bcs
Asm

Bsm
Cumulative proportion of population from the poorest to the richest
Note: sm refers to spatial microsimulation and cs refers to Census.

Asm  Bsm  Acs  Bcs

Source: Authors’ calculation
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Figure 3
Comparison between Census Gini coefficients and spatial microsimulation estimates for
persons, New South Wales, 2006

0.500

Gini coefficient gross household income
(Census data)

0.450

0.400
y = 0.918x
R2 = 0.897

0.350

0.300

0.250
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0.300

0.350
0.400
Gini coefficient gross household income (SpatialMSM/09c)

0.450

0.500

Source: SpatialMSM/09C applied to 2003-04 and 2005-06 SIH, ABS Census Population and Housing 2006
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Figure 4
Gini Coefficients by Statistical Local Area, New South Wales, 2006

Source: SpatialMSM/09C applied to 2003-04 and 2005-06 SIH, ABS Census Population and Housing 2006
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Figure 5
Gini Coefficients by Statistical Local Area, Sydney, 2006

Source: SpatialMSM/09C applied to 2003-04 and 2005-06 SIH, ABS Census Population and Housing 2006
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