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HAND-ME-DOWN HOUSING:
HOW BUILDING NEW HOMES CAN MAKE EXISTING RENTALS MORE
AFFORDABLE

Does new housing provided by the private market increase the availability of affordable housing? Or should government

policy subsidise housing and directly target low-income households to increase affordability? The answer depends

on how quickly housing becomes more affordable as it ages. This dynamic is often called ‘filtering’ (of housing down

the income distribution). This note examines the ability of filtering to increase affordability in the Australian rental market.

We find that, on average, a rental property becomes 3.6% cheaper in inflation-adjusted terms as it ages 10 years.

Affordability depends on both rents and incomes, and after controlling for changes in the income distribution, the rental

also becomes affordable to 3.9% more of the population over this time.

Rental filtering is stronger in areas with more new housing being built – rents decline up to 9% with 10 years of age. And

it is weaker, and sometimes reversed, for properties that are cheapest to rent.

The takeaway is that building market-rate housing is complementary, rather than competitive, to policies that directly

provide affordable housing. Market-rate supply eases the burden of these targeted policies, by generating affordability

through filtering at all but the lowest parts of the rental price distribution.

1. Can new market-rate construction generate affordable housing?
Rents in Australia are surging, which particularly impacts poor households. Compared to richer households, they are less likely
to own their home and usually spend more of their income on housing. What role does building non-subsidised, ‘market rate’
housing have in tackling rising rental costs for low-income households?

Some argue that it does little to improve outcomes for low-income renters (AHURI, 2022; Ong et al., 2017). This argument
emphasises policy interventions targeted at the lower-income end of the market, such as policies that require a proportion
of low-income targeted development (‘inclusionary zoning’), large-scale social housing builds, or rent control (Davies et al.,
2023; Pojani, 2023; Visontay, 2023).

Proponents of these interventions sometimes oppose new developments that do not directly target lower-income households
(e.g. Gurran, 2023; Robin, 2023). (This view is sometimes referred to as ‘left-NIMBYism’, a play on ‘NIMBY’ or ‘Not in My
Backyard’.) One argument is that new market-rate supply could increase land values and gentrify areas (Inner West City
Council, 2020). However, if, in reality, new market-rate housing lowers the prices of existing homes, then it would support
low-income targeted interventions, rather than compete with them.

This could happen if market-rate housing becomes more affordable as it ages, and, over time, it filters down to low-income
households. As properties age, they depreciate due to wear-and-tear. Moreover, newer homes typically have higher quality
features, like insulation or kitchen amenities. Both of these channels can lower the relative quality of older homes, and lower
their prices by shifting demand toward newer homes. This effectively frees up the older homes for lower-income households.
If these channels – sometimes referred to as ‘filtering’ – are fast enough, then policies that support market-rate construction
could also improve affordability for low-income households.



This note uses microdata to investigate the relationship between a rental’s age and its rental price, and produces several key
findings about the Australian rental market. First, each year a rental ages, its rents drop on average 0.36% in inflation-adjusted
terms, and it becomes affordable to 0.4% more Australians. Second, this effect is larger in areas where more housing is being
built, more than doubling in areas in the top decile of housing growth. Third, rents decline with age fastest for the most
expensive rentals. Finally, while 90% of rentals become more affordable (relative to income) with age, the effect is slowest
in the bottom quartile, and the least expensive 10% become less affordable with age.

These results indicate that building more market-rate housing would improve rental affordability for most Australians. Further
increasing the rate and responsiveness of housing supply growth would likely speed up and broaden these effects. Still, given
the overall estimated speed that rents decline with age, and the fact that rents do not decline with age at the bottom of
the income distribution, market-rate supply cannot completely replace targeted lower-income interventions such as social
housing or rent assistance. Instead, market-rate supply eases the burden of these targeted policies, by generating affordability
at other parts of the income distribution.

Box 1: Literature review
’Fitering’ as a concept dates back at least 50 years (Arnott and Braid, 1997; Sweeney, 1974). Modern U.S. studies show that most houses
become more affordable (to buy and/or rent) as the house gets older ((Rosenthal, 2014; Liu et al., 2021). Studies from Europe find that
new housing induces wealthy households to move, freeing up existing housing for lower income households (Bratu et al., 2021), and
that new housing reduces rents uniformly for all existing dwellings (Mense, 2021).

In Australia, the role of market-rate supply in improving affordability, and whether dwellings ‘filter’ through to low-income
households, has been debated (e.g. Gurran et al., 2018; Pawson et al., 2022; Nygaard et al., 2022). But detailed microdata investigation
has been limited. One exception is Hansen and Rambaldi (2022), who study owner occupiers in Victoria. They show that buyers tend to
be wealthier than the sellers moving out, but that it appears to be driven by zoning restrictions. They estimate that removing restrictions
would reverse this pattern. We build on this body of work by analysing dwelling-level data on the rental sector Australia-wide.

2. Data and Method
The dataset, from Proptrack, contains details of 9.4 million rental transactions from 2007 to 2022, as collated by REA Group.
A key challenge to analysing age-rent dynamics is the lack of available data on the age of homes in Australia. This dataset
offers two solutions, discussed in Box 2. To estimate how a dwelling’s rent changes as it gets older (the ‘filtering’ effect), we
use two econometric models aligned with these two age-measurement approaches. The ’age-period-cohort’ effect, discussed
in Appendix C, prevents us from combining both approaches into a single model.

Box 2: Estimating the age-rents relationship without data on time of build
Data on dwellings’ time of build are not currently available for Australian rentals. We deal with this in two independent ways, and
analyse the results of both.

The first approach is to treat the rental’s first appearance in our dataset of rental listings as its ‘birth’. Provided its first appear-
ance was when the rental was first listed, this approach defines age as ‘age on rental market’. A benefit of this definition of age is that
homes are less likely to be renovated or improved during their rental tenure than at other times. When homes are renovated, they can
become like new in some ways, and it could be misleading to treat their effective age as the time since they were first built.

Still, our rental listings data do not cover the full history of rentals in Australia, which means that for some rentals, time since
first appearance in the data does not equal ‘age on rental market’. Our dataset begins in 2008, and some rentals would have been first
listed before then. Also, the market coverage of the data expanded over time, so some first appearances may reflect that the rental’s
previous listing was missed by the data coverage.

The second approach is not affected by whether the rental was listed before it appeared in our data. It just assumes that be-
tween two appearances in our rental listings data, the rental has aged by the time that has passed. This is implemented with a ‘repeat
rents’ model (using dwelling fixed effects modelling) that capitalises on the fact that our data track the listing prices of individual
rentals over a 15 year period.
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The ‘hedonic model’ defines a rental’s age as the time since its first appearance in the dataset (see Box 2 for discussion). This
model permits including a range of control variables, including rent movements common to the overall market, which means
that the model estimates how rents evolve with age relative to overall rental market trends.1 Other control variables include
the number of bedrooms and bathrooms, and the location (see Appendix B for the regression specifications). The hedonic
model essentially identifies the ageing effect by comparing the prices of older rentals to newer ones in a given location.

The ‘repeat rents model’ instead capitalises on the fact that between two appearances in the data, the dwelling has always
aged by the amount of time that has passed. The model controls for all of a dwelling’s time-invariant characteristics, using
fixed effects at the dwelling level. Importantly, these fixed effects control for the dwelling’s cohort (both when it was built and
when it entered the rental market), which means that age does not need to be proxied.2 The repeat rents model essentially
identifies the ageing effect by comparing rents for the same property over time.

We adjust all rents for inflation using the Consumer Price Index (CPI) for that state.

3. Rentals become more affordable with age
Older rentals are on average more affordable than new rentals. Without controlling for other influences, the raw data clearly
show that as a rental ages its rents decline relative to the overall market (Figure 1). When rentals first appear in the dataset,
they are relatively expensive, but within a few years have dropped substantially relative to the median.

Figure 1: Rent lifecycles by cohort

However, many things influence how rents evolve. For example, most Australian cities have historically expanded outward,
so older homes tend to be more centrally located than newer homes. If rents for centrally located homes grow faster than
other rents, then this would likely generate a positive correlation between age and rent that is driven by location rather than
age. Our econometric models control for such factors.

Characteristics of new rentals have also changed over time. Newer rentals have, on average, more bedrooms, bathrooms, and
car spaces (Figure 2). In capital cities, newer rentals also tend to be located in less expensive areas further from the CBD
(Coates and Wiltshire, 2018).

1 All rentals age as time progresses, so it is conceptually difficult to distinguish overall market trends in rental prices from a relationship between rental
prices and ages. Nonetheless, if the rental prices of new rentals entering the market each year were evolving at the same pace as the rental prices of existing
rentals, the hedonic model would attribute the rise to market trends rather than an age effect.
2 The repeat rents model cannot directly control for market forces that vary over time, because effects of age cannot be analysed in the presence of both
dwelling and time fixed effects, due to the age-period-cohort effect. We discuss this, and our responses to it in Appendix C.
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Figure 2: Newer rentals have more rooms & are less central

The econometric models control for some of these influences. The hedonic model estimates that rents decline 0.86% each
year (Figure 3). The repeat rents model estimates a 0.36% decline each year. The difference may be because:

• The dwelling fixed effects in the repeat rents model control for more dwelling characteristics than the hedonic model,
including the year of build and year of first rental. If other characteristics of new dwellings changed over time, as did the
characteristics we observe (Figure 2), this could bias the hedonic model estimates.

• The repeat-rents model estimates are influenced by the overall market trend of rising real rents throughout the sample,
which the hedonic model controls for. Supporting this interpretation, the repeat rents filtering estimate is faster when
higher rental-growth years are excluded from the sample (Appendix A).

The repeat rents model can be adjusted to partially control for market trends, by making the outcome variable the dwelling’s
rent as a proportion of the median rent in its greater capital city area for that year.3 This variant of the model gives a
slightly faster filtering estimate of 0.5% (Figure 3), consistent with trends in real rents influencing the repeat rents estimates
downwards. The ‘true’ speed of filtering, defined as the decline in rents per year of age relative to market trends, is likely
somewhere between the 0.36% and 0.85% estimates.

To assess whether dwellings are becoming more ‘affordable’ over time, we alter the outcome variable to account for changes
in incomes throughout the sample. We match each rental listing to the point in the income distribution that could cover it
with 30% of income. The repeat rents model estimates that, for each year that a dwelling ages, it becomes ‘affordable’ to an
additional 0.39% of households (Table D.1, column 6).

Our filtering estimates are slightly larger than international estimates. For instance, Rosenthal (2014) finds that rents in the
U.S. decline at a rate of 0.35% per year aged. A more detailed comparison to international estimates can be found in Appendix
E.

3 These areas split each state into two areas – greater capital city and regional – except for ACT which is considered a single area.
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Figure 3: Filtering estimates, across models

4. Effects of age vary by local housing growth and by income levels

4.1 New supply appears to make existing stock cheaper

The estimated filtering effect of 0.4% per year is an average across areas that experienced different housing market conditions.
To assess whether the filtering effect depends on local new housing supply, we split the country into 10 deciles based on how
much new housing was built between 2011 and 2022.

Figure 4: Age-rents effect, by area supply growth
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The relationship between age and rents is strongly correlated with supply growth (Figure 4).4 In areas up to the sixth decile
of supply growth, the relationship between age and rents is less than the overall average estimate. In the highest supply
growth decile, the relationship is 0.6 percentage points higher than in median supply areas.5

Box 3: Case Study: Housing Supply and Age-Rents in Sydney

Over the past 15 years, Sydney has experienced uneven growth in housing supply. While the Western Suburbs around
Parramatta have witnessed a surge in new construction, other areas, such as the Northern Beaches and the Eastern Suburbs,
have lagged in housing development. The repeat-rents model reveals that rental properties became cheaper with age
faster in areas with more per capita housing construction. Areas like the Northern Beaches saw their rental prices increase
in rents by 1% relative to the market for each year they aged (Figure 5).

Figure 5: The Age-rents effect varies across Sydney

To analyse how filtering estimates vary with local characteristics, we adapt the repeat rents model to allow the age effect
to interact with local housing market conditions, such as housing supply growth, population growth, and distance from the
capital city CBD (see Appendices B and D for more details). An extra dwelling built per hundred people is associated with the
age-rents effect being 0.13 percentage points faster per year in a SA2 (Appendix table D.3 column (1)). Areas closer to a CBD
are associated with slower, or even reversed (i.e. upward), filtering effects (Appendix table D.3 column (2)).

4.2 The rentals that are most affordable become more expensive with age

The effect of ageing on rents differs by how expensive the rental property is initially. The repeat-rents model shows that
rents for higher-priced properties decline more rapidly with age (Figure 6).6 Pricier rentals may be equipped with amenities
or features which tenants perceive to depreciate more quickly. Similar to cars, depreciation in the highest-price rentals tends
to be highest in the first few years (Figure 7).

These estimates also show that rentals that are most affordable initially – those in Australia’s bottom rent decile – become
less affordable as they age. On an average, their real rents rise by 1% annually. This is partly, but not completely, because,
throughout our sample real rents in the least expensive market portion tend to rise faster than rents at higher price points,
regardless of age.

4 Since the supply growth decile is not measured earlier in the sample than when the age-rents relationship is estimated, it introduces potential endogeneity
into the regressions. Therefore, these results are estimates of correlations rather than causal effects.
5 This correlation between the filtering effect and supply growth is robust to when the new supply was built. Figure A.5 shows that the pattern is similar
across different periods within the sample.
6 This price-decile effect is robust to when the the rental first entered the market. Figure A.6 shows that the pattern is similar across different periods within
the sample.
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Figure 6: Age-rents effect, by rental price decile

Figure 7: Median real rents, by cohort, rent decile, and area supply growth
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The reason why the most affordable rentals filter upwards is not clear. Rents in the bottom decile tend to rise in the first few
years they appear in the sample, typically upon their second listing, before moving back in line with market trends (Figure
7). This initial jump is more common in areas with faster growing overall supply. Bottom decile properties are also twice as
likely to see a large price spike (more than 20% in real annualised terms) at any point in their life cycle than the rest of the
distribution. But none of these patterns on their own can fully account for the upward filtering in the bottom decile of rents
(Figure 8).

Some possible explanations for these patterns include:

• Some properties may be listed cheaply due to poor condition. After responses from tenants, the owner may subsequently
make improvements and lift the price. This would be consistent with a property jumping in rent on its second listing.

• Inexpensive rentals might have a higher probability than others of being under-priced when they debut on the market,
and therefore more likely to experience subsequent rent increases. This is consistent with the initial jumps being more
common in high supply-growth areas, if that supply growth reflects growing demand that makes an owner more likely to
notice any underpricing.

• When housing availability is limited and rents are rising, wealthier or middle-income households may hedge against
future rent rises by living somewhere less expensive than they can currently afford. As lower income households would
not have this luxury of making a price-quality trade off, it could bid up the least-expensive rentals during tight markets,
counteracting filtering influences.7

Figure 8: Bottom decile rentals robustly filter upwards

7 We indeed observe that in tighter rental markets, rental growth rates tend to be higher for less expensive rentals.
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5. Conclusion and policy implications
We estimate that a property’s rent declines by between 0.4% and 0.9% per year as it ages. This effect is stronger in re-
gions where more new housing is built, and is weaker or reversed for low-cost rentals. These results present two key policy
implications.

1. New construction tends to support affordability. Greater rates of supply are associated with the existing rental stock
becoming cheaper with age. Governments should be cautious in examining the affordability impacts of new housing
based only on the price point at which the homes enter the market. Policies that increase market-rate construction, for
instance zoning reform, may speed up the filtering effect and help ease pressures at lower price points in the rental market.

2. Affordability policies targeted at low-income households, such as social housing, are likely necessary for Australia’s rental
market. The most affordable rentals in the market have become relatively more expensive over time. This warrants further
investigation to understand the causes. Affordability policies are likely to be most effective if they do not unnecessarily
limit the growth of market-rate housing, which would undermine affordability.

There are several ways that this work could be further developed with additional data.

• Data on the actual age of a dwelling would permit more precise estimation of filtering effects.

• Information on tenant characteristics would permit researchers to more closely examine who is most affected by filtering.

• Our data cover rentals at the time of listing. Data that cover the full lifecycle of rentals could inform about rent changes
for pre-existing tenants, and about changes in the quality of dwellings such as through renovations or depreciation.

• Our data only cover transactions of listed rentals, and miss changes in rents that occur without any change in tenancy.
Future work could replicate our analysis using the full set of rents paid by tenants.
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APPENDIX A: DATA

We use a PropTrack dataset containing transactions of advertised rental listings collated by REA Group from July 2007 to June
2022. Each listing contains the transacted rent, and the rental’s characteristics including its location. Around two thirds of
the dwellings in the dataset appear at least twice (Figure A.1). The mean number of appearances is 3.7 and the median is 2.

Figure A.1: Characteristics of repeat transactions

Market coverage of the sample likely expanded over time, as the market share of realestate.com.au grew. This means that
estimates that rely more on the earlier years of the data are potentially less accurate.

We take several steps to clean the data. We remove 256 635 rows which contain missing values for rents, bedrooms, or
bathrooms. Outlier dwellings that are likely representative of data entry error or misreporting are also dropped. Outlier
dwellings are defined as dwellings that at any point in the data had an annualised real rent increase of over 100% or a
decrease of over 50% from the previous transaction. This removes 19 736 observations from the data.

A.1. Outcome variables
To measure rental affordability, we use three outcome variables, where i represents the dwelling and m represents the month
the transaction took place:

• RealRenti,m: A dwelling’s rent normalised by the Consumer Price Index (CPI), such that rental prices are expressed in 2022
dollars. CPI is measured annually and at the state level. We take the natural logarithm of RealRenti,m when using it in a
regression model.

• RentToMedianRenti,m: A dwelling’s rent expressed as a percentage of the median rent in the same Greater Capital City
Area in the same financial year.

• RenterIncomei,m: the lowest percentile in the income distribution that could rent the property without spending more
than 30% of their income. This reflects a common rule of thumb that if a household is spending more than 30% of their
income on rent they are in ‘rental stress’.

Rental price growth was on average higher than CPI growth over the sample across common indices of price growth: the
rental component of CPI, rents paid as measured by the ABS Survey of Income and Housing (SIH), and median rents in the

111



data (‘REA’ on figure A.2). This implies that if a property’s rent increased in line with the market over the full duration of the
sample, it would have grown in real ($) terms.

Figure A.2: Rent and CPI levels since the sample began

RenterIncomei,m is calculated using household income data in the SIH. The SIH was run in the financial years of 2008, 2012,
2014, 2018, and 2020. For each year the survey is available, we produce an income distribution at the state level, measuring
the median income at each percentile.8 For years between the survey, we linearly interpolate trends at each percentile. This
results in a level of household income at each percentile of the income distribution for each state and territory from July 2007
to June 2020.

Values are then multiplied by 0.3, reflecting 30% of household budgets at each point in the distribution. To convert this to
a dwelling-level measure, each rental price is replaced with the income percentile from the previous step that it is closest
to but not above. This is the lowest point in the income distribution where renting the property would not exceed 30% of
household income. This assignment is based upon the income distribution in the same financial year and state.

A.2. Geographic data
The Proptrack data are merged with geographic data, such that each transaction has information on local economic and
geographic conditions. These are:

• The distance in km from the property to the nearest CBD of a major city. CBDs used are: Sydney, Melbourne, Brisbane,
Adelaide, Perth, Gold Coast, Canberra, Newcastle, Darwin, Hobart, and Wollongong. The nearest CBD is not necessarily in
the same state.

• Local population growth. This is estimated by calculating the annual % change in population in a dwelling’s SA2. These
data are obtained from Australian Bureau of Statistics (ABS) Data By Region (2023). Population data are available from
2011 to 2022, meaning that this variable is available from 2012 onwards (as it requires the change from the previous
year).

• Local area housing supply growth – measured as dwelling approvals per person (approvals / resident population), in a
dwelling’s SA2. These data are also obtained from ABS Data By Region and are available from 2011 until 2022. We use
two transformations of this variable:

8 We use disposable (post-tax) income, measured at the household level.
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– A supply decile variable that groups SA2s based on the number of dwelling approvals per person they had over the
entire sample period, relative to all SA2s in Australia. These deciles are weighted by population, meaning each decile
contains roughly the same number of people.

– The number of dwellings approved in each SA2 per person in the previous three years.

When a model uses supply and population growth variables, all transactions involving a dwelling located in a SA2 with less
than 500 people (as of 2022) are removed. As these variables are normalised by population, areas with small populations see
large fluctuations in these measured variables from small changes in levels.

A.3. Summary Statistics
Table A.1 displays the summary statistics for used data. Note:

• The observation count for RenterIncomei,m (Renter Income) is lower than other variables as it is not measured after June
2020.

• Geographic variables also have lower observation counts. Population growth is reported from 2012 onwards (as it requires
change from 2011) and supply growth is reported from 2013 onwards (as it requires 3 years of data).

Table A.1: Summary Statistics

Variable Count Mean SD
Rent 8 682 142 438.27 227.05
Real Rents 8 682 142 541.88 278.92
Age 8 682 142 2.95 3.49
Total Appearances 8 682 142 3.70 2.04
Bedrooms 8 682 142 2.70 1.00
Bathrooms 8 682 142 1.47 0.59
Distance to Nearest CBD 8 682 142 117.08 330.51
Renter Income 7 423 276 48.63 17.11
Population Growth (%) 6 248 784 0.02 0.12
Dwellings Per Person Approved in Last 3 Years 5 800 734 0.01 0.02

A.4. Sensitivity of results to sample period choice
This section discusses the sensitivity of the econometric results to changing the start and end years of the sample. The body
of the note uses a baseline sample of financial years (FYs) 2008-22.

The hedonic model results could potentially be affected by left censoring in the data. That is, we cannot observe rentals
before the sample starts, so for rentals that first appear early in the sample, there is less confidence that the first appearance
represents when the dwelling actually entered the rental market. To test sensitivity to this, we re-estimate the hedonic model
on a sample that only includes FYs 2010-22. The results are little changed – the age coefficient changes from -0.90 to -0.98.

The rental data for FY 2023 became available as the work was being finalised. When the FY 2023 data are included in the
sample, the repeat rents estimate moves substantially towards zero (from 0.36 to 0.19), but the other model results are little
changed (Figure A.3). This is not completely surprising. FY 2023 comprised very strong rental growth (see the tail of Figure
A.2), and – as discussed in the Data and Method section – the repeat rents model captures market-wide rental trends in its
estimates of how rents change with age. Given that FY 2023 is likely an unrepresentative year in terms of market-wide rental
growth, we chose to keep it excluded from the main results in this note.

Figure A.4 further illustrates the sensitivity of the repeat rents model results to the sample period chosen. The results vary
around the baseline estimate of -0.36 used in the note. As expected, they tend to be more negative when the higher rental
growth years are excluded.
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Figure A.3: Impact of including financial year 2023 on estimates

Figure A.4: Filtering estimates over different subsamples
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Figure A.5: Filtering estimates, supply heterogeneity effects by origin cohort

Figure A.6: Filtering estimates, initial rental price heterogeneity effects by origin cohort
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APPENDIX B: METHODOLOGY AND SETUP

B.1. Regression setups: Hedonic Model and Repeat Rents
We define ‘Rental Age’ as the time since property i appeared in our dataset in month m.

RentalAgei,m = (m – FirstListingi,m)(1)

The ‘hedonic’ regression model attempts to explain the rent of a dwelling from its rental age and other characteristics:

Yi,m = βRentalAgei,m + γCharacteristicsi,m + αSA2,year + ϵi,m(2)

where Yi,m are measures of rental affordability outlined in Appendix A. The αSA2,year fixed effects are at the SA2 times year
level. These control for changing local market conditions. Dwelling characteristics are bedrooms and bathrooms reported as
a set of dummy variables (0, 1, 2, 3, and 4+).

The explanatory variable is RentalAgei,m. Its corresponding coefficient β captures the impact of a dwelling being a year older
on its rent, controlling for rental characteristics and time trends at the local (SA2) level.

Next, we adopt a ‘repeat rents’ model to identify how a property’s rent changes as it ages:

Yi,m = βRentalAgei,m + αi + ϵi,m(3)

where αi are dwelling fixed effects. Dwelling fixed effects control for all time-invariant rental characteristics, including those
not directly observed. These include a rental’s ‘cohort’, or the period when it was built and initially rented. This, in effect,
removes the measurement error in estimating dwelling age. In other words, β is now measuring the impact of the same
property ageing one year on its rent. This setup does not include time-fixed effects due to the age-period-cohort effect,
discussed in Appendix C.

B.2. Econometric setups for heterogeneity
The next setup investigates how ageing impacts rents across the price distribution. Age is interacted with a set of dummy
variables reflecting the rental’s rent decile (1-10). The rental decile is calculated when a rental first enters the market,
relative to all rentals transactions that year, and remains constant for that dwelling over time.9

Yi,m =

 10∑
d=1

βd × RentalAgei,m × (Decilei = d)

 + αi + εi,m(4)

The set of βd is 10 coefficients representing the impact of age on rents at each rental decile (deciles are calculated within
states). This set displays the impact of ageing on rent varies across the price distribution. The above specification is similar
to taking ten subsets of the data, one for each rental price decile, and reporting the coefficient of β for each.

The next econometric setup estimates how area characteristics – new housing supply growth, population growth, and distance
to the nearest CBD – affect estimates of ageing on rents. It uses the following specification:

9 The uninteracted rental decile term (Decilei) is not reported in the specification as it is a constant term (a ‘fixed effect’), and will be collinear with αi, and
hence omitted.

666



Yi,m = βRentalAgei,m +
n∑

g=1

λgGeogCharg,year

+

 n∑
g=1

θgRentalAgei,m × GeogCharg,year

 + αi + εi,m

(5)

Here, GeogChar are n characteristics of the area g that dwelling i is located in at time period m.10 β represents the impact
of age on rents when these characteristics are equal to zero. θg estimates whether the impact of age on rent is stronger or
weaker in areas with more or less of the respective characteristic.

For instance, consider a model where the only geographic characteristic is the level of new housing supply growth in an area
(n = 1). The sign of the coefficient for the interaction term (θ1) between age and supply growth will identify whether the
effect of age differs across areas based upon the rate of housing supply, and if so, by how much.

In all regression specifications, standard errors are clustered at the SA2 level.

10 Distance to the CBD is a time-invariant property characteristic, which will be captured by αi, and hence will not return a λg coefficient.
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APPENDIX C: THE AGE-PERIOD-COHORT EFFECT

Researchers are often interested in explaining how something changes over time. Its age, the period it is observed in, and
its birth cohort may all be factors of interest. However, determining the contributions of each of these three factors is not
possible due to the ‘age-period-cohort’ effect. The reason is that the three are collinear:

Age = Period – Cohort(1)

The repeat rents model indirectly controls for a rental’s cohort with dwelling fixed effects (αi). This means that this model
can either estimate the effect of age, or control for time trends, for example with time fixed effects, but cannot do both
simultaneously.

The age-period-cohort effect means results may be biased by time effects. We respond to this in two ways.

First, the hedonic model (Appendix B, equation 2) does not include property fixed effects, and hence is able to control for
time and measure the effect of age. Although this approach suffers from other issues (namely measurement error of rental
age), the fact that the coefficients have the same sign in the repeat-rents model provides confidence that the results are not
completely being driven by the impacts of time.

Second, adjusting rent by the market median (with the outcome variable RentToMedianRenti,m) partially controls for time
effects in the repeat-rents model (Appendix A). This approach reports the change in a property’s rent relative to the market
median in each period, partly controlling for common shocks to rent within the same area.
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APPENDIX D: REGRESSION TABLES

Table D.1 reports regression estimates.11 Columns (1) to (4) report estimates of age on 100×log(RealRenti,m), without dwelling
fixed effects (the hedonic model, equation 2).

Columns (5) onwards introduce dwelling fixed effects (the repeat rents model, equation 3). The outcome variable is varied
across columns. Column (5) uses log(RealRenti,m), column (6) uses RenterIncomei,m, and column (7) uses RentToMedianRenti,m
(see Appendix A for how these variables are generated).

Table D.2 reports the effect of age broken down by the initial rental price decile that the dwelling falls into (equation 4).12

These deciles are calculated at the state level.

Table D.3 displays regression results that analyse how filtering effects vary by geographic conditions (equation 5).13 As noted
in Appendix A, the measure of housing supply is a 3-year rolling average of dwelling approvals per person in a property’s SA2.
Two other geographic variables are also introduced under columns (2) and (5): annual population growth, and distance to the
nearest CBD.

Columns (3) and (6) consider a transformed version of dwelling supply. The country is divided into deciles based upon the
total number of dwelling approvals per person in each SA2, over the sample years. This is interacted with the age term, and
observes how results vary.

11 Differences in observation counts in the regression table are explained in Appendix A.
12 Differences in the observation counts are due to specification 2 using the income percentile variable, which does not have data after the 2020 financial
year.
13 As noted in Appendix A, geographic data is only available from 2013 to 2022 for housing supply, and 2012 to 2022 for population growth. Observation
counts reflect this accordingly.
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Table D.1: Initial Regression Results

(1) (2) (3) (4) (5) (6) (7) )
Log Real Rents Income Percentile Rent/Median Rent

Age –1.246 –0.470 –1.425 –0.855 –0.360 –0.391 –0.474
(0.053) (0.053) (0.023) (0.012) (0.038) (0.018) (0.046)

Num.Obs. 8 611 333 8 611 333 8 611 333 8 611 333 8 611 333 7 361 428 8 611 333
R2 0.013 0.215 0.478 0.751 0.945 0.953 0.931
Time Fixed Effects X X
Bedrooms X X
Bathrooms X X
Property Fixed Effects X X X
Time-SA2 Fixed Effects X X
Standard Errors clustered at the SA2 level in parenthesis.

Table D.2: Age-rents effect, by rental price decile

Log (Real Rents) Inc Percentile

Rent Decile 1 × Age 0.011 0.163
(0.000) (0.018)

Rent Decile 2 × Age 0.003 –0.103
(0.000) (0.018)

Rent Decile 3 × Age 0.001 –0.205
(0.000) (0.016)

Rent Decile 4 × Age –0.002 –0.280
(0.000) (0.015)

Rent Decile 5 × Age –0.004 –0.361
(0.000) (0.017)

Rent Decile 6 × Age –0.005 –0.429
(0.000) (0.019)

Rent Decile 7 × Age –0.006 –0.450
(0.000) (0.022)

Rent Decile 8 × Age –0.007 –0.538
(0.000) (0.024)

Rent Decile 9 × Age –0.010 –0.717
(0.001) (0.034)

Rent Decile 10 × Age –0.020 –1.199
(0.002) (0.084)

Num.Obs. 8 611 333 7 361 428
R2 0.948 0.956
Property Fixed Effects X X
Standard Errors clustered at the SA2 level in parenthesis.
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Table D.3: Age-rents effect, by geographic heterogeneity

Log Rent Log Rent Log Rent Income Percentile Income Percentile Income Percentile

Age –0.006 –0.008 –0.685 –0.433
(0.001) (0.001) (0.030) (0.086)

Dwellings Per Person 0.501 0.681 28.983 44.140
(0.184) (0.260) (10.366) (15.887)

Age x Dwellings Per Person –0.130 –0.164 –2.752 –5.851
(0.033) (0.047) (1.204) (1.960)

Population Growth 0.008 0.090
(0.005) (0.217)

Age x Population Growth 0.057 1.061
(0.012) (0.430)

Age x log(Distance to CBD) 0.001 –0.087
(0.000) (0.028)

Age x Supply Decile 1 –0.003 –0.406
(0.001) (0.052)

Age x Supple Decile 2 0.001 –0.219
(0.001) (0.045)

Age x Supple Decile 3 –0.001 –0.250
(0.001) (0.048)

Age x Supple Decile 4 –0.001 –0.301
(0.001) (0.043)

Age x Supple Decile 5 –0.002 –0.356
(0.001) (0.054)

Age x Supple Decile 6 –0.003 –0.377
(0.001) (0.064)

Age x Supple Decile 7 –0.004 –0.465
(0.001) (0.053)

Age x Supple Decile 8 –0.006 –0.472
(0.002) (0.075)

Age x Supple Decile 9 –0.007 –0.509
(0.001) (0.054)

Age x Supple Decile 10 –0.009 –0.517
(0.001) (0.065)

Num.Obs. 6 714 166 6 198 687 8 610 838 5 464 462 4 949 000 7 361 069
R2 0.955 0.958 0.945 0.964 0.967 0.954
Property Fixed Effects X X X X X X
Supply Decile Effects X X
Standard Errors clustered at the SA2 level in parenthesis.
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APPENDIX E: COMPARABILITY WITH INTERNATIONAL ESTIMATES OF
FILTERING

The estimates reported in this note provide insights into filtering dynamics in the Australian rental market. Much of the
existing literature focuses on overseas housing markets, particularly the United States.

Early literature on filtering created theoretical models to distinguish between the impacts of housing depreciation and urban
renewal and gentrification (see, for instance: Arnott and Braid, 1997; Sweeney, 1974). Studies then branched into empirical
measurement of the rates that rents decline with age, albeit often over short time frames and with limited data. Most of this
literature estimated rental depreciation at or below a 0.5% decline per year (Coulson and Bond, 1990; Margolis, 1982).

The literature was revitalised by Rosenthal (2014). Although he found that rents depreciate per year at a rate comparable
to the rest of the literature (0.35%) he argued that this metric understates how filtering plays out in practice. He found that
rentals move down the income distribution at a faster rate of 2.5% per year. Subsequent research has found comparable
results with the same methodology, albeit with a greater degree of heterogeneity, across U.S. cities (Liu et al., 2021).

Rosenthal argued that filtering is faster if measured as the income of a property’s occupant, rather than its rental price. This
is because of the relationship between incomes and housing expenditure. Typically, as a household’s income increases, their
rental expenditure does not rise by the same proportion.

In other words housing is an ‘income inelastic good’.14 Figure E.1. utilises data on household expenditure on housing costs
from the 2020 Survey of Income and Housing, by household rank in the income distribution, and illustrates this concept.
Lower income households spend a proportionally greater amount of their income on housing. This in part is because rental
housing is a core good: households require shelter, and a certain level of quality to meet their needs.

Consequently, this implies that when properties depreciate in quality and rental value over time, even marginally, they can
quickly transition to accommodating lower-income households. At any point in the rental distribution, a dwelling 10% more
expensive is often occupied by a household with more than 10% higher income.

Figure E.1: Lower income households spend more on housing

14 Estimates frequently put the income elasticity of rental housing less than 1 in both the U.S. (Glaeser et al., 2008; Rosenthal, 2014; Rosenthal et al., 1991)
and Australia (Wong et al., 2017).
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