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Australia. 
 
 
Key words: housing stress; microsimulation modelling; spatial microdata; statistical 
local area; validation technique.  
 

mailto:azrahman@csu.edu.au


2 

 

Introduction 
 
Housing stress has emerged as a widely discussed public policy issue among 

politicians, academics and policy makers in Australia. With the unprecedented growth 

in housing prices - and rents - throughout the past decade, many Australians are 

increasingly finding housing unaffordable. About 1.7 million people in this country are 

in housing stress (Sandel and Wright 2006). Households with relatively low income 

and housing costs greater than a certain proportion of household income (for 

instance, more than or equal to 30 percent) are typically defined as being in housing 

stress (Rahman, 2009). The concept may also be extended to describe inadequate 

housing for a proportion of the population. Most of the policy debates on housing 

stress to date have been confined to the national or state level (Wood et al. 2005; 

Harding et al. 2004; Nepal et al. 2010; Rahman 2011; Flood 2012). This is largely 

due to the ready availability of data at this coarse geographic level in the sample 

survey files available from the Australian Bureau of Statistics (ABS). However, 

methodological advances in spatial microsimulation modelling mean that it is now 

possible to generate synthetic spatial micro-population data (Rahman et al. 2010).1 

 

As in many other countries, substantial spatial differences in socioeconomic growth 

and wellbeing exist across Australia (Chin et al. 2005; Harding et al. 2006; Stimson et 

al. 2008). Australian housing programs include subsidising housing costs and rent 

assistance; mortgage subsidies; and land development planning for housing. All of 

these policies have had significant impacts on individuals and their living standards, 

experiences, choices, constraints, decisions and lifestyle preferences (Melhuish et al. 

2004; Kelly et al. 2006; Rahman et al. 2013). As well, housing acts as a proxy for a 

host of other factors relevant to economic disadvantage and social inequalities at 

small area levels. Small area level housing stress statistics also vary with the 

demographic and socioeconomic conditions of households - and with geography 

(Rahman et al. 2011). So, there is a keen interest in understanding who is struggling 

to afford to buy or rent a house and the impact at small geographic area levels. In 

this paper we examine statistical local area (SLA) level housing stress estimates 

across Australia for 2010.  

 
                                                      
1 For example, this rapidly growing field now includes simulation of the small area impact of 

changes in income taxes and cash transfers (Ballas and Clarke 2001; Chin et al. 2005; 
Harding et al. 2009); development of small area measures of poverty and housing stress 
(Tanton et al. 2009a, 2009b; McNamara et al. 2007; Miranti et al. 2010); small area 
modelling of activities of daily living status and/or the need for different types of care (Lymer  
et al. 2008a, 2008b; Williamson 1996); development of the SimObesity model to examine 
small area obesity among children (Procter et al. 2008); small area health-related conditions 
(Ballas et al. 2006a); the socio-economic impacts of major job gain or loss at the local level 
(Ballas et al. 2006b)  and a range of other applications (Ballas et al. 2005a; Clarke 1996). 
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One of the arguments frequently levelled in the past at spatial microsimulation 

estimates has been the lack of vigorous tests of statistical reliability for the simulated 

estimates. Accordingly, one of the key contributions to this research field presented 

in this paper is the demonstration of a new method for validating the results of small 

area housing stress statistics. 

 

Methodology  
 

Definition of housing stress  
As a general rule of thumb, a household spending more than or equal to 30 percent 

of its income in housing can be considered to be in housing stress. A more than 25 

percent income threshold for housing costs is used by the UK NHS (1991) and others 

(Foard et al. 1994). A commonly used definition of housing stress was used by 

Harding et al. (2004), where more than 30 percent threshold of housing costs served 

as the affordability ‘tipping point’, but only for households with income in the bottom 

40 percent (lowest two quintiles) of the equivalised income distribution. (The 

equivalent disposable income measure is adjusted for how many people a family’s 

income has to support on the income left ‘in the hand’ after the payment of income 

tax.). Nepal et al. (2010) and Rowley and Ong (2012) provide a very useful overview 

of the different methods of measuring housing stress and the consequent impact 

upon the living standards of different types of families. In this paper we use the ‘ 

30/40 rule’, where  a household is considered to be in housing stress if it spends 

more than 30% of its equivalised gross income on housing costs and belongs to the 

bottom two quintiles of the equivalent gross  income distribution. 

 

Synthetic microdata generation  
Creation of a synthetic micropopulation dataset at small area level, such as the 

statistical local area level in Australia, is very challenging. Small area estimation 

technologies have become useful tools to overcome this challenge. Although there 

are two methods (statistical and geographic) in small area estimation for generating 

small area microdata, this paper uses the geographic approach also known as spatial 

microsimulation modelling (SSM). A detailed description of various methods, their 

properties, suitability and applications are reported in other studies (Rahman 2009, 

2011; Harding and Tanton 2011). The SMM approach of microdata simulation 

involves some complex procedures, whose gradual evolution has been described in 

detail in Chin and Harding 2006, Rahman et al. 2010; Cassells et al. 2010.  

 

To produce statistical local area (SLA) level housing stress estimates in Australia, a 

SMM was designed that uses a range of datasets that come from the Australian 
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Bureau of Statistics with custom designed tables from the Census. In summary, the 

ABS sample survey in question is reweighted to match the small area Census 

benchmark tables, resulting in unit records for households and individuals for each 

Statistical Local Area in the model. For exceptionally remote or unusual SLAs, the 

GREGWT program developed by the ABS and used with their permission by 

NATSEM will fail to generate an acceptable solution. General discussion about these 

datasets and various steps of microdata generation are contained in Rahman (2011). 

The model generates reasonable microdata (by an accuracy index criterion (AIC)2 

illustrated in Rahman 2011) for 1,397 SLAs which contain more than 99.9% 

households. Among 1,422 SLAs across Australia, the model did not produce 

reasonable microdata for only 25 SLAs (non-convergent SLAs as per the AIC), which 

had a zero or too small population and was typically located in very remote area. The 

overall microdata generation process is depicted in Figure 1. 

 

Figure 1: A process of spatial microdata generation 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

(adopted from Rahman 2010) 

 

Results and discussion 
 
This section contains a limited selection of the output than can be produced using the 

empirical results of the model. 

                                                      

2 The AIC is measured by dividing the total of absolute residuals in new-weights by the 
corresponding population total benchmark. 
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Households and housing stress by tenure type 

Distributions of Australian households and housing stress by tenure are given in 

Figure 2. About 70% households are living in their own house, with half of them being 

buyers. Nearly 27% of households are renters, with about 22.5% being in private 

rental. Only 2.9% of Australian households are living in other tenures, such as 

hospital beds, military housing, hotels/hostels etc. Moreover, figure 2b reveals that 

three in each five private renters (59.6% households) experience housing stress, 

while just one in each fifteen public renters (6.9%) experience housing stress. One-

third of buyer households (33.2%) are also in housing stress.  

 

Figure 2: Estimated percentage distribution of households and housing stress 
by tenure types in Australia, 2010. 
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Estimates for different States and Territories  
The model estimates a total of 7,128,035 households in Australia, of which 773,073 

households are in housing stress under the ‘30/40 rule’ (Table A1 in Appendix). 

Nearly one-third of such households live in NSW. Among them, 269,329 households 

(about 11.6%) are in housing stress, including 816 owners; 83,894 buyers; 20,417 

public renters; 164,089 private renters; and 92 ‘other tenure’ type households. 

Victoria is the residence of a quarter of the Australian households with some 185,646 

households (about 10.4%) being in housing stress, with most of them are buyers and 

renters. In Queensland, the number is 1,387,069 with about 11.3% households 

(156,607 households, including 101,085 private renters) being in housing stress.  

 

Although Western Australia contains 701,116 households, of which about 9.9 per 

cent are in housing stress, the estimates for public renters are higher in South 

Australia compared to estimates in WA. It is noted that 583,284 households are living 

in SA, among them about 10.5 per cent (61,455 households including 6,428 public 

renters) are in housing stress. A total of 181, 666 households are living in Tasmania, 

with 18,373 households experiencing housing stress - with the highest number in 

private renters. In the Australian Capital Territory, only 6.6% households (7,700 
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households out of the total of 116,911) are in housing stress - but none of them is 

from the 2027 households residing in ‘other tenure’ type. Some, 49,000 households 

are living in the Northern Territory, among them 4,505 households experiencing 

housing stress, including 1,287 buyer and 2,298 private renter households. 

 

Housing stress by statistical division 
Table 1 presents the results of housing stress estimates for various statistical 

divisions (SD) in Australia. An estimated number of 163,655 (21.2%) and 135,702 

(17.6%) households are experiencing housing stress in Sydney and Melbourne SDs. 

 

Table 1: Housing stress estimates by statistical division in Australia 

 Note: 1Statistical division; 2Total number of households in housing stress. 

 

A relatively smaller but significant number of housing stress households are in other 

major capital city SDs - such as Brisbane: 66,718 (8.6%), Perth: 53,766 (7.0%) and 

ID SD1  Name HS2 %    ID SD Name HS % 

105 Sydney 163655 21.17  340 Mackay 4368 0.57 

205 Melbourne 135702 17.55  155 Murray 4292 0.56 

305 Brisbane 66718 8.63  135 North Western 4204 0.54 

505 Perth 53766 6.95  620 Mersey-Lyell 3912 0.51 

405 Adelaide 46749 6.05  230 Mallee 3404 0.44 

307 Gold Coast 25787 3.34  245 Ovens-Murray 3339 0.43 

110 Hunter 24764 3.20  215 Western District 3203 0.41 

115 Illawarra 17058 2.21  705 Darwin 3171 0.41 

125 Mid-North Coast 15777 2.04  250 East Gippsland 3016 0.39 

309 Sunshine Coast 14261 1.84  312 West Moreton 2825 0.37 

120 Richmond-Tweed 12680 1.64  420 Murray Lands 2657 0.34 

315 Wide Bay-Burnett 11991 1.55  435 Northern 2637 0.34 

210 Barwon 9783 1.27  425 South East 2153 0.28 

350 Far North 9055 1.17  535 Central 1870 0.24 

320 Darling Downs 8011 1.04  515 Lower Great Southern 1848 0.24 

605 Greater Hobart 7856 1.02  415 Yorke & Lower North 1612 0.21 

510 South West 7742 1.00  225 Wimmera 1486 0.19 

145 South Eastern 7716 1.00  525 Midlands 1423 0.18 

805 Canberra 7700 1.00  710 Northern Territ. - Bal 1334 0.17 

240 Goulburn 7339 0.95  610 Southern 1266 0.16 

235 Loddon 6794 0.88  530 South Eastern 1245 0.16 

130 Northern 6654 0.86  430 Eyre 1147 0.15 

345 Northern 6654 0.86  160 Far West 727 0.09 

140 Central West 6568 0.85  545 Kimberley 685 0.09 

255 Gippsland 5959 0.77  325 South West 575 0.07 

220 Central Highlands 5621 0.73  355 North West 529 0.07 

330 Fitzroy 5609 0.73  540 Pilbara 449 0.06 

615 Northern 5339 0.69  520 Upper Great Southern 430 0.06 

150 Murrumbidgee 5234 0.68  335 Central West 224 0.03 

410 Outer Adelaide 4500 0.58  000 Australia 773073 100 
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Adelaide: 46,749 (6.1%) households. Thus, Sydney, Melbourne, Brisbane, Perth and 

Adelaide collectively account for about 60.5% of the estimated total number of 

households in housing stress for Australia.   

 

Compared to these, a very small number of housing stress households are in other 

major capital SDs such as in Greater Hobart: 7,856, in Canberra: 7,700 and in 

Darwin: 3,171 households, all which add up only 2.4% housing stress households. 

Further, about 37.1% of households in housing stress are living in SLAs outside of 

the eight major capital cities SDs. In particular, seven non-capital south-east coastal 

cities’ SDs: Hunter, Illawarra, Mid-North Coast and Richmond-Tweed in the NSW and 

Gold Coast, Sunshine Coast and Wide Bay-Burnett in Queensland - have relatively 

higher numbers in housing stress (ranging from 11,991 to 25,787 households) and 

collectively these SDs have almost 15.8% of all housing stress households in 

Australia. 

 

Estimates for various statistical subdivisions   
To get a much better view at the regional level, we now examine the geography at 

statistical subdivisions (SSDs). Results show that the SSD of Newcastle contains the 

highest number of 20,990 households in housing stress (Table A2 in Appendix). This 

finding highlights that significantly large numbers of households experiencing housing 

stress are located in the port city Newcastle - while at the SLA level estimates for this 

region are not remarkable compared to the estimates of many SLAs located within 

capital cities such as Sydney, Melbourne, Perth and Adelaide. Besides, there are 

several main geographical regional parts where housing stress is concentrated at 

SSD level in Sydney, Melbourne, Perth, Adelaide and coastal regions in New South 

Wales and Queensland. Prominently the twelve SSDs making up the western, south 

western and northern Sydney part (Fairfield-Liverpool, Canterbury-Bankstown, 

Central Western Sydney, St George-Sutherland, Inner Sydney, Gosford-Wyong, 

Outer Western Sydney, Blacktown, Lower Northern Sydney, Outer South Western 

Sydney, Central Northern Sydney and Eastern Suburbs) collectively contain an 

estimate of 150,775 (19.5% of total) housing stress households in Australia. Half 

these SSDs have more than 12.1% of households in housing stress including 

Fairfield-Liverpool having the highest estimated rate of 16.9%. 

 

The SSDs around western, inner, eastern middle, southern and northern outer 

regions in Melbourne have relatively large number of households in housing stress. 

Results show that although Western Melbourne has the third highest estimated 

numbers of 17,098 households, the rate of housing stress (11.5% households) is 

relatively lower. However, the Greater Dandenong, Hume and Frankston cities and 
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inner Melbourne have housing stress rates of 14.9, 14.1, 12.6 and 12.3% 

respectively. As well there are a few outer Melbourne SSDs - Mildura Rural and 

Greater Shepparton cities including Greater Bendigo - also show significantly higher 

percentage estimates of housing stress. 

 

Furthermore, several SSDs in north, east and south-east metropolitan Perth as well 

as northern, southern, western and eastern parts of Adelaide also have a noticeably 

large number of households experiencing housing stress. For example, the North 

Metropolitan SSD in Perth has the fourth highest count of 16,090 households and 

Northern SSD in Adelaide has the sixth highest count of 15,626 households with 

housing stress. Nevertheless, some other major coastal centres in New South Wales 

(Wollongong, Richmond-Tweed, Hastings and Clarence), in Queensland (southeast 

Brisbane, Logan city, Gold Coast and Sunshine Coasts, Wide Bay-Burnett and 

Cairns city) and the Hobart SSD have a considerable numbers of households in 

housing stress. Although most of the Queensland coastal SSDs have the highest 

estimated rate of housing stress, only some of them are populous with higher 

numbers in housing stress. It is noticeable that low income households residing in the 

attractive Gold Coast region are more prevalent (an average rate of 14.0%) in 

housing stress. This may be because of a very high level of house prices or rents in 

the Gold Coast areas. 

  

SLA level estimates of housing stress across Australia 
We have mapped housing stress estimates across all SLAs of Australia. The maps 

below depict estimates by SLAs and tenure types. For mapping, the quantile 

classification is used for spatial distribution of the housing stress (but those SLAs that 

did not meet the accuracy criterion in the microdata simulation process are treated as 

missing). This option examines the relativity of all SLAs in Australia. In view of the 

fact that city areas are very condensed and unseen in the main map, they are also 

presented in separate boxes. 

  

Number of households in housing stress 
The estimated numbers of housing stress at the SLA level ranges from zero (in 

Yalgoo (S), Central WA) to 7,852 households (in Canterbury (C), Sydney NSW). 

Another 15 SLAs (mostly Off-Shore Areas & Migratory) have zero estimated 

numbers. Typically, these SLAs are the non-convergent SLAs and for this reason 

they have been excluded from the analysis. An average of 598 households is 

estimated per SLA, with a median of 242 households. There are 355 SLAs with less 

than 100 households in housing stress, while 187 SLAs have less than 50 and 80 

SLAs have less than 20 households in housing stress. Additionally, 243 SLAs have 



9 

 

an estimate of more than a thousand households in housing stress, of which 105 

SLAs have more than 2,000, 5 SLAs have more than 5,000 and just 2 SLAs have 

more than 7,000 housing stress households. 

 

A mapping of the number of households in housing stress by SLAs across Australia 

is provided in Figure 2. Results reveal that a large number of SLAs in the south-east 

coastal regions (mostly in the New South Wales coastal cities) have high numbers of 

estimates in housing stress (ranging from 938 to 7,852 households). Some inland 

regions in the NSW and Victoria, the fast growing mining regions in Queensland 

(Fitzroy, Mackay, far north Mareeba and north-west Mount Isa), Western Australia 

(Kimberley, Pilbara, Central Gascoyne and south-eastern Johnston) and South 

Australia (northern Flinders Ranges) have SLAs with relatively higher estimates.  

 

Figure 2: Estimated number of households in housing stress by statistical 
local area 

 
 

Among all SLAs, the Sydney and Perth statistical divisions have numbers in the 

highest quantile. Many SLAs in Melbourne, Adelaide and Hobart have also higher 

estimates. Since the size of SLAs in Brisbane, Canberra and Darwin are much 

smaller, they have lower estimates. However, various SLAs in Brisbane have 

estimates between 345 and 937 households, with few south-west SLAs having 

estimates in the highest quantile. Furthermore, among 50 SLAs with the greatest 

estimated numbers, 43 are located in the four major capital cities: 23 in Sydney, 14 in 

Melbourne, 5 in Perth and 1 in Brisbane. For instance, the SLA: Canterbury (C) in 

Sydney has the largest number of 7,852 households experiencing housing stress, 

which is more than all of the estimated households experiencing housing stress in 

the Australian Capital Territory. 
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Percentage of households in housing stress 
Figure 3 displays a spatial distribution of percentage estimates of housing stress by 

SLAs in Australia. Results reveal that most of the SLAs in the east-coast and some 

SLAs in the west-coast regions have a relatively higher percentage (above 11.2%) of 

households in housing stress. Large numbers of SLAs in inland remote regions 

throughout Australia have lowest rates of housing stress. Additionally, small areas 

across the mining regions in Queensland and Western Australia illustrate relatively 

higher percentage estimates of households experiencing housing stress. The map 

also reveals a number of SLAs located within some major capital cities of Australia 

have significantly high rates of housing stress (ranging from 16.81 to 28.00%). 

 

Figure 3 Estimated percentage of households in housing stress by statistical 
local area. 

 
 

Some SLAs in inner locations of Melbourne, Canberra and Adelaide have the highest 

percentage estimates.  For examples, SLAs of inner city in Melbourne and Canberra 

have estimates of 27.0% and 23.2% respectively. These results are quite different 

from the results of the estimated numbers. Many SLAs from Brisbane and Sydney, 

with some others from coastal cities in Queensland and NSW, also have the highest 

rates. It is evident that few SLAs in Sydney: Fairfield (C) – East, Canterbury (C), 

Bankstown (C) - North-East and Auburn (A) have a significantly high rate and a large 

estimated number of households in housing stress. This is because a large number 

of households live in these Sydney SLAs, with a sizable representation of them from 

the low income households. Also, small sample size problems appear to exist within 

many SLAs in Brisbane, where the number of households experiencing housing 
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stress is very low, but the percentage estimate is significantly high due to the small 

value of the denominator. 

 

Validation tools 
 

Validation and the creation of measures of the statistical reliability of small area 

estimates by microsimulation modelling are challenging (Ballas and Clarke 2001; 

Hynes et al. 2006; Edwards and Clarke 2009; Rahman 2009). At small area levels, 

the estimated data are typically unavailable from another source. Accordingly, some 

researchers have suggested re-aggregating the small area estimates up to larger 

levels, where reliable data are available to compare the results (Ballas and Clarke 

2001; Kelly 2004), while others have attempted to use alternative methods to 

determine the accuracy of their model estimates (Hynes et al. 2006; Edwards and 

Clarke 2009). Discussions about various validation methods used by researchers are 

outlined in detail in Rahman (2011). This section offers a new validation tools for 

testing the accuracy of SLA level housing stress estimates in Australia and their 

measures of confidence intervals. 

 

Absolute standardised residual estimate (ASRE) analysis 
This approach to validation is very straightforward. First we have to calculate an 

absolute standardised residual estimate for a small area (in this case SLA level 

housing stress estimation), and then analyse the values of the absolute standardised 

residual estimate to make a decision about the accuracy. The mathematical formulae 

for the absolute standardised residual estimate use the following standard notations:   

ijŶ    is an observed household total in the thj  data at the thi  small area; 

ijY    is the total households in the thj  population at the thi  small area; and 

rm    is the number of small areas in a thr  region and ir > . 

   

The Absolute Standardized Residual Estimate (ASRE) can be defined as- 

  









=

AEMSE
ASRE ijδ

  
  

where ijijij YY ˆ−=δ   and ( )∑ −=
m ijij

r

YY
m

AEMSE
2ˆ1  where the AEMSE is the 

Average Empirical Mean Square Error (see, for example Gomez-Rubio et al. 2008 

and Rahman 2011). 
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The decision criterion for this validation technique is: 1) when the value of ASRE is 

close to zero or less than 2 for a SLA then the synthetic household estimate is 

acceptable (i.e. the performance of the model estimate is good); and 2) when the 

ASRE value is more than or equal to 2, then it is usually considered as a large error 

(Field 2000) suggesting that unexplained errors exist in the model estimates and/or 

the micro-simulated datasets.  

 

Results from the ASRE analysis 
Results of ASRE analysis for overall households in housing stress confirm that for 

about 94.3% SLAs (1205 SLAs out of 1278) in Australia the model determined very 

accurate housing stress estimates (Fig. 4). There are 73 SLAs have an ASRE 

measure more than or equal to 2, and many of these SLAs are located in major 

capital cities and coastal centres such as Wollongong, Newcastle, Coffs Harbour, 

Tweed-Heads, Gold coast, Hervey Bay, Mackay etc.  For instance, few SLAs in 

Ipswich show a high value of ASRE which indicates that the model has produced 

statistically insignificant housing stress estimates in this area. For a particular 

example, the SLA: Ipswich (C) – Central shows an ASRE value of 5.6 that is much 

bigger than 2. So, for this small area, the estimate of housing stress is statistically 

inaccurate using the ASRE measure.  

  

Figure 4: ASRE analysis for the estimates of total households in housing 
stress. 
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It is noted that Ipswich is one of the fastest growing regions in Brisbane and the 

population characteristics are quite different to the Australian average. In  particular, 

a significantly large number of working population families (about 60 per cent) are 

Technicians & trades workers, Community & personal service workers, Clerical & 

administrative workers, and Labourers, who tend to have lower income. But the 

housing costs in this area are relatively high. The supply of housing in this area is 
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also inadequate with growing housing demand for increasing populations.  As a 

result, the model simulates significantly high estimates of housing stress for the 

region by considering the micro-level attributes. 

 

Furthermore, to get an idea of why an insignificant value of ASRE arises for some of 

these small area estimates, we may check detailed micro-level results for an SLA 

(such as Petermann-Simpson in the Alice Springs, NT) along with its geographic 

characteristics. For this SLA, the ASRE value of 8.5 has revealed that the model 

overestimated the housing stress for overall households. It is noted that Petermann-

Simpson in the Alice Springs is one of the functional economic and strategic growing 

areas in rural central Australia. Economic growth in this SLA result from the flow-on 

effects of providing regional support services to major national projects such as 

tourism, culture and heritages conservation, mining development, defence 

construction, forestry and horticultural trials, and a transport and logistics hub 

servicing the central Austral-Asia railway. However, an inadequate supply of housing 

increases housing expenses for lower income households, and may skew the 

estimate of housing stress. Sharply increasing housing costs (the average annual 

change for 2008-09 is estimated as 27%) for a large group of low income households 

(having median weekly income of 961 AUD) residing in Petermann-Simpson, having 

a high rate of housing stress. 

 

Conclusions 
  
This paper has empirically examined the statistical local area level housing stress 

estimates across Australia using a synthetically simulated micro-dataset and 

analysed the results. It has also demonstrated a new method for validating the 

results of small area housing stress statistics.  

 

Findings have revealed that housing stress estimation (defined by the 30/40 rule) in 

Australia varies significantly with geography. One of the key findings using outputs 

from the spatial microsimulation model was that in 2010 around one in ten Australian 

households were experiencing housing stress, with large numbers of these 

households residing in the east coast states of New South Wales, Victoria and 

Queensland. When looking at housing stress at a higher geographic disaggregation, 

findings from the model outputs have revealed that  households experiencing 

housing stress were mostly residents of the Sydney, Melbourne, Brisbane, Perth, 

Adelaide, Gold Coast, Hunter, Illawarra, Mid-North Coast statistical divisions, along 

with some other statistical divisions located across coastal centres of New South 
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Wales and Queensland. The Canberra, Hobart and Darwin statistical divisions all 

have relatively low housing stress levels. 

 

Breaking the geographic classifications down to a finer level, we find greater 

heterogeneity in housing stress estimates, but still the households are concentrated 

in these main locations or spots. Areas with a high proportion of households living in 

housing stress were those concentrated in the outer fringes of capital cities along the 

east coast of Australia. Of particular interest was Newcastle, which has the largest 

estimated number of households in housing stress of all the estimated statistical 

subdivisions in Australia. Some other non-capital coastal cities - such as Wollongong, 

Richmond-Tweed, Hastings and Clarence etc in New South Wales and Gold Coast, 

Sunshine Coasts, Wide Bay-Burnett and Cairns City in Queensland - have spatial 

subdivisions with much higher rates of housing stress. As well, many statistical 

subdivisions within capital cities have also demonstrated large estimated figures. 

Basically, these regional subdivisions are located in the greater western and northern 

regions of Sydney, in the western, inner, eastern middle, southern and northern outer 

regions of Melbourne, in the north-west, south-east and Logan City regions of 

Brisbane, in the north, east and south-east metropolitan regions of Perth, as well as 

in the northern, southern, western and eastern regions of Adelaide. 

 

Breaking the geographic scale down even further to one of the smallest and 

administratively helpful areas – the SLA - we can really see which small areas are 

suffering the most from housing stress. Findings have demonstrated that a large 

number of SLAs in the New South Wales coastal cities, including Sydney, had the 

highest numbers of households in housing stress. Most of the SLAs in Melbourne, 

Adelaide, and Hobart also had significantly higher estimates. Moreover, the rapidly 

growing mining areas around inland locations in different states have resulted in 

many SLAs with relatively higher estimates of housing stress. This could be because 

of a significant lack in the supply of housing within these quickly growing mining 

areas, which in turn creates a high demand of housing and then increasing housing 

costs for mainly low and middle income households. In contrast, significantly large 

numbers of SLAs in Brisbane, Canberra and Darwin have much lower numbers of 

households in housing stress. This is probably because these SLAs are not only 

small in size but also have relatively smaller household populations. The results of 

the percentage estimates reveal somewhat opposite results to the number count 

estimates: that is, many small SLAs with few households show high percentages of 

households in housing stress, but there are actually only few households in stress in 

these locations. Nonetheless, various SLAs in different capital cities indeed confirm 
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significantly large values in housing stress for both number counts as well as 

percentages. 

  

Moreover, the validation tool outlined in this paper is the ASRE analysis, where an 

ASRE for the SLA level housing stress estimate has been calculated and then 

analysed using a standard cut-off criteria for making a decision. Results have 

demonstrated statistically accurate estimates for a very high number of SLAs (about 

94.3%). There are a number of SLAs with statistically insignificant values of ASRE, 

and most of them are geographically located in the capital cities, including 

Melbourne, Brisbane, Canberra and Darwin, as well as major coastal centres in the 

East part of Australia. Additionally, findings suggest that the proposed validation tools 

can not only check the statistical validity of an SLA level estimate, but can also 

identify and describe the possible features of the SLAs that may have insignificant 

results. The SLAs with ASRE values significantly bigger than 2 demonstrate 

inaccurate housing stress estimates for the respective SLAs. In such a case 

researchers would undertake further anlaysis of these micro-level data for these 

SLAs, along with their geographic attributes.  

 

Looking at future research directions, we are currently finalising estimates of SLA 

level housing stress estimates by tenure types within eight major capital cities in 

Australia, comparing the estimates of housing stress between the cities as well as 

looking at different SLAs within a specific major city. In addition, a proposed 

technique for estimating confidence intervals around the housing stress estimates will 

also be explored.  
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Appendix  
 
 
Table A1: Estimates of numbers of households and housing stress by tenures 

for the Australia states and territories  
 

Note: 1Number of households; 2Number of households in housing stress. 

 

 

 

 

 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 
States 
& 

 
 

Overall total Owners Buyers Public Renters Private Renters Other tenure 
Terrs  

HH1 HS2 HH HS HH HS HH HS HH HS HH HS 

NSW 2328200 269329 836696 816 760241 83894 114423 20417 548464 164089 68376 92 

VIC 1781601 185646 665595 492 649015 71397 57158 9846 364009 103835 45824 47 

QLD 1387069 156607 452587 576 480441 47078 49455 7746 362374 101085 42211 60 

WA 701116 69458 226922 198 270603 24071 29681 4426 151063 40701 22847 35 

SA 583284 61455 208924 134 208090 20693 42311 6428 104603 34167 19356 20 

TAS 181666 18373 70923 42 62269 6418 10912 1532 32428 10363 5134 7 

ACT 116911 7700 35567 3 45761 2070 9453 1895 24101 3722 2027 0 

NT 48188 4505 8432 36 18174 1287 4533 876 14668 2298 2380 1 

AUS 7128035 773073 2505646 2297 2494594 256908 317926 53166 1601710 460260 208155 262 
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Table A2: Thirty-five SSDs with the highest estimated numbers and percentage 
of households experiencing housing stress across Australia 

 
 

 
 
 
 
 

 

                                                      
3 Arranged by number of households experiencing housing stress    
4 Arranged by percentage of households experiencing housing stress   

ID SSD Name HS3 %    ID SSD Name HS %4 

11005 Newcastle 20990 11.4  10525 Fairfield-Liverpool 17464 16.9 

10525 Fairfield-Liverpool 17464 16.9  12501 Coffs Harbour 3055 16.7 

20510 Western Melbourne 17098 11.5  10520 Canterbury-Bankstown 15935 16.1 

50515 North Metropolitan 16090 10.1  30710 Gold Coast East 10889 15.5 

10520 Canterbury-Bankstown 15935 16.1  12007 Lismore 1758 15.4 

40505 Northern Adelaide 15626 11.9  10540 Central Western Sydney 15352 15.2 

10540 Central Western Sydney 15352 15.2  12005 Tweed Heads & Tweed Coast 3611 15.1 

10515 St George-Sutherland 14748 9.8  20575 Greater Dandenong City 6384 14.9 

10505 Inner Sydney 14589 12.1  12010 Richmond-Tweed SD Bal 7311 14.9 

10570 Gosford-Wyong 14365 13.0  12503 Port Macquarie 2338 14.6 

20505 Inner Melbourne 14264 12.3  20535 Hume City 6453 14.1 

50525 South East Metropolitan 13417 11.0  30715 Gold Coast West 11732 14.1 

20565 Southern Melbourne 13338 9.1  12505 Clarence (excl. Coffs Harbour) 5146 14.0 

40520 Southern Adelaide 12689 10.0  31507 Hervey Bay City Part A 2589 14.0 

20550 Eastern Middle Melbourne 12316 8.3  30905 Sunshine Coast 11195 14.0 

30715 Gold Coast West 11732 14.1  30705 Gold Coast North 2533 13.9 

10545 Outer Western Sydney 11640 11.2  30520 Caboolture Shire 6324 13.8 

10553 Blacktown 11322 13.2  30545 Redcliffe City 2806 13.6 

30905 Sunshine Coast 11195 14.0  12510 Hastings (excl. Port Macquarie) 5238 13.5 

11505 Wollongong 11142 11.6  30530 Logan City 7670 13.4 

50520 South West Metropolitan 11003 9.9  10553 Blacktown 11322 13.2 

30710 Gold Coast East 10889 15.5  31505 Bundaberg 2954 13.2 

20580 South Eastern Outer Melb. 10446 11.9  14515 Lower South Coast 3362 13.0 

40510 Western Adelaide 9800 11.6  30910 Sunshine Coast SD Bal 3066 13.0 

30507 Northwest Outer Brisbane 9339 8.4  10570 Gosford-Wyong 14365 13.0 

20530 Northern Middle Melbourne 9199 10.1  14003 Bathurst 1381 12.7 

10555 Lower Northern Sydney 9140 8.2  20585 Frankston City 5484 12.6 

50510 East Metropolitan 8934 10.1  11507 Nowra-Bomaderry 1433 12.6 

10530 Outer South Western Sydney 8837 11.9  35005 Cairns City Part A 5485 12.5 

10560 Central Northern Sydney 8815 6.6  23005 Mildura Rural City Part A 2110 12.4 

40515 Eastern Adelaide 8634 9.8  30720 Gold Coast SD Bal 633 12.4 

10510 Eastern Suburbs 8568 9.8  30501 Inner Brisbane 4227 12.4 

30511 Southeast Outer Brisbane 8345 10.5  20505 Inner Melbourne 14264 12.3 

60505 Greater Hobart 7856 10.3  24005 Greater Shepparton City Part A 1948 12.1 

20555 Eastern Outer Melbourne 7826 9.1  10505 Inner Sydney 14589 12.1 


	Households and housing stress by tenure type
	Estimates for different States and Territories
	Housing stress by statistical division
	Estimates for various statistical subdivisions
	SLA level estimates of housing stress across Australia
	Number of households in housing stress
	Percentage of households in housing stress
	Absolute standardised residual estimate (ASRE) analysis
	Results from the ASRE analysis


