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1 Introduction

Housing has a vital dual role in the economy. It is a key component of the capital stock in
terms of providing shelter services to households while also being an important asset class
given that housing makes up a large part of overall wealth. In the US, the Federal Reserve’s
Flow of Funds Accounts indicate that the value of real estate assets owned by households
was around US$18.3 trillion at the end of 2011. This amounted to more than a quarter of
households’ total asset holdings and much more than this prior to the recent collapse in house
prices. In Australia, which is the focus of the empirical application that follows, real estate
is a much more important asset class. The Australian Bureau of Statistics (ABS) estimates
that owner occupied housing makes up well over half of household wealth (ABS, 2010). It
is perhaps surprising, given that housing is such a key asset class, that more is not known
about the properties of its returns. In particular, how has residential real estate performed
relative to other asset classes?

In this article we are interested in the question of how well households have done by
purchasing a home rather than following some other investment strategy, such as renting a
home and employing their capital elsewhere. While this question is a natural one, answering
it is not entirely straightforward. Residential dwellings are heterogeneous—mno two homes
are alike—and unfortunately the sale prices of individual homes are observed infrequently.
This is in stark contrast to many other types of assets, such as bonds or stocks, which
are homogeneous and traded almost continuously on highly liquid markets. This makes
calculating the return to home ownership more difficult than for other investments.

In a seminal paper Case and Shiller (1989) (see also Case and Shiller, 1990) estimated
the excess returns to residential real estate in four cities; Atlanta, Chicago, Dallas and San
Francisco. They noted that the return to housing has two major components. First, just like
a stock or bond there is the yield—this is the rent that can be achieved on the property for a
housing investor of the rental payments avoided in the case of owner-occupiers. Second, there
is the capital gain/loss through the revaluation of the asset. They constructed estimates of
the city-wide appreciation rate of homes using transactions data and the repeat sales method
of Bailey, Muth and Nourse (1963). They lacked detailed rental data so essentially assumed a
fixed rate for the rental yeild. This was apparently 5% across cities in Case and Shiller (1989)
and 6.9% for Atlanta, 5.0% for Chicago, 11.1% for Dallas and 9.0% for San Francisco in Case
and Shiller (1990). Using this approach they were able to compute the average return to
housing which they compared with a 1-year Treasury Bill to calculate the excess return. In
Case and Shiller (1990), over the period from 1970-86, these excess returns averaged 4.22%
per annum for Atlanta, 2.70% for Chicago, 7.31% for Dallas and a whopping 20.77% for San
Francisco.! This led Case and Shiller (p.136, 1990) to conclude that,

!These figures are calculated as an average of the numbers in Table 3 of Case and Shiller (p.261, 1990) for

the respective cities. The averages presented at the bottom of the table are all zero but this is clearly a typo.
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...it is somewhat surprising that excess returns of this magnitude could persist for so long a
period of time. In one sense, we know a “buy rule” that will consistently earn an extraordinary

return: simply buy housing.

More recent work has apparently found similarly robust returns to housing. Flavin and
Yamashita (2002), in their examination of housing’s role in the portfolio, constructed es-
timates of the return to housing and its variance. They used owner price valuations from
the Panel Survey of Income Dynamics (PSID) from 1968-92 to estimate the capital gain
to homeowners while adopting a similar approach to that of Case and Shiller (1989, 1990)
to derive rents. This yielded estimates of the annual real return to housing of 6.59% with
a standard deviation of 14.24%. Because the real return on Treasury Bills and bonds was
essentially zero we can equate their real return on housing to an excess return in line with
the approach in Case and Shiller (1989, 1990). According to Flavin and Yamashita (2002)
housing had a very attractive risk-return profile. Its returns were broadly comparable with
those on stocks but the standard deviation of stocks was almost 70% higher.

Hasanov and Dacy (2009) undertook a similar exercise to that of Flavin and Yamashita
(2002) and constructed aggregate returns to housing from 1952-2005. The main difference is
in their data sources. Hasanov and Dacy (2009) use aggregate data. They construct estimates
of the capital gain to homeownership from the Federal Reserve’s Flow of Funds Accounts and
use the BEA’s National Income and Product Accounts to measure the rental yield. Over the
period they estimated annual real returns of 6.92% for homeowners with a standard deviation
of 4.89%. While the real return is similar to that of Flavin and Yamashita (2002) the lower
standard deviation likely reflects the authors’ use of aggregate information in constructing
housing returns rather than unit record data.

The various estimates of the excess returns to housing point it being a very attractive
investment class. Yet we argue that these estimates may not have provided the full picture
with regard to housing for two key reasons.

First, the standard approach to estimating the capital gains to housing reflects the ap-
preciation of a portfolio of homes in some city or region rather than that for a specific home.
This is important because within a city there are likely to be many housing sub-markets,
determined by geography and by property type (Bourassa, Hoesli and Peng, 2003), and each
of these submarkets may have different appreciation rates. A household usually owns only a
single home so their capital gain may vary significantly depending upon where and what type
of property they have. There is a great deal of diversity in the appreciation rate across homes.
When Case and Shiller (1989) regressed the price changes of individual homes on the average
city-wide change “...the R? is only 0.066 for Atlanta, 0.158 for Chicago, 0.121 for Dallas, and
0.270 for San Francisco.” This indicates that there is a fairly low correlation between the rate
of appreciation on individual homes and city-wide movements. Cannon, Miller and Pandher

(2006) compare MSA dwelling price movements with those at the ZIP code level and find

Note also that these are implicitly real excess returns because they compare one nominal return with another.



that the former account for less than 20% of price change. The calculations of the return to
housing have been divorced from the reality that different properties within a market tend
to perform quite differently. Hence the returns to housing have been much more diverse than
may be readily apparent.

However, detailed data at a disaggregated level is now widely available meaning that we
can construct housing returns essentially at the level of the individual home. In this paper
we have at our disposal data on sale prices, rents and characteristics of individual dwellings
across Sydney from 2003Q1 to 2011Q2. With this data we aim to construct estimates of the
returns across the entire spectrum of dwelling-types. This provides a level of detail which has
hitherto been absent in the discussion of real estate market returns. But constructing these
returns is not straightforward. As noted, homes are heterogenous assets and a given property
does not sell very often. Hence in order to estimate the capital gains for specific classes of
homes we make extensive use of hedonic regression methods to impute prices and rents at a
disaggregated level. We show that the hedonic models which underlie this imputation, and
allow for disaggregated price trends, are more strongly supported by the data than those
specifications which do not allow for such flexible price trends.

Second, greater attention is required on how the risky aspect of housing investment is
balanced against the return. It is a point which hardly bears mentioning; assets which
are higher-risk also generally have higher returns. Indeed, Cannon, Miller and Pandher
(2006) found just such a pattern when they examined the cross section of MSA home price
appreciation rates and their variance. Risk has not been explicitly treated by many in their
examination of the excess returns to housing. Others, such as Flavin and Yamashita (2002),
have used a mean-variance portfolio allocation framework which explicitly takes account of the
variance of housing in constructing optimal portfolio shares. But this only obliquely addresses
the question of excess returns. The shares that come out of their optimization problem do
not provide a clear guide as to the level of excess returns to housing in percentage points per
annum.

In the next section we outline our methodology for estimating the excess return to housing.
This approach can be applied at the level of the individual home and takes account of risk.
Section 3 undertakes a detailed application of this methodology to the Sydney housing market
from 2003Q1 to 2011Q2 and discusses the results. In the final section we provide some

concluding comments.

2 Estimating Excess Returns at a Disaggregated Level

In constructing estimates of the return to housing it is necessary to have a clear idea of
the particular type of agents that we are considering and their behavior. The residential

real estate ownership market is usually made up of two distinct groups; owner-occupiers and



investors. Our focus is on the former, which is invariably a much larger group than the latter.?
This is important for the setup of the model but also for the tax treatment of capital gains,
one of the key components of the return to housing. In effect owner-occupiers in Australia
pay no tax on any capital gains in the value of their home. This favorable tax treatment
will be taken account of in constructing the excess returns to housing. We consider an owner
who lives in their home and owns it freehold, without any encumbrances. The counterfactual
then, from this investment in owner-occupied housing, is for the household to instead rent
a comparable dwelling and take the capital which would otherwise have been tied up in the
home and employ it elsewhere. If they rent rather than own they will avoid paying the
costs of homeownership—property taxes, insurance, depreciation and maintenance. Or more
accurately they will pay this indirectly through their rent. Each of these two options implies
some level of welfare. It is the difference in welfare, measured in monetary terms, that we
call the excess return to housing.

To outline the framework more formally, let p;(z;) denote the price for some dwelling
with characteristics vector z; at the start of year t, 74(z;) denotes the rent, d;(z;) is the
annual cost of homeownership as a fraction of the dwelling price, and ;41 is the after tax
return available from some alternative investment over period t. An important part of the
contribution of the paper is the estimation of price and rent series, and excess returns, for a
variety of characteristics vectors z; so we have been careful to emphasize that point with our
notation. However, for brevity we will use a subscript j to denote this dependence so, for
example, p(z;) becomes pj;. Finally, let U(.) be the household’s additively separable utility
function over wealth and housing services. The utility function provides the mechanism by
which we can balance risk against return. We suppose that households either rent or own
the same quality home so the difference in utility between the two options is solely related to
the wealth outcomes. Let us consider the case of a year. The wealth outcome for the renter
is equal to the amount of capital the household has minus the rent they have to pay—for
simplicity we assume this is paid in lump sum at the start of the period—multiplied by the
after tax return over the relevant period. The wealth outcome for owners on the other hand
is a function of the stochastic appreciation rate of the home 741 (=pji+1/pjr — 1) minus
the running costs. Placing these wealth outcomes into the utility function we have the renter

and owner-occupier expected utility levels on the left and right hand sides respectively,

oo o)) Rl oo ])]

In addition we have defined excess returns, e;(z;) (or ej), as the fraction of the dwelling
price which must be charged to the homeowner in order to make them indifferent between

owning and renting. This is chosen residually to ensure the equality of the left and right

2In Australia, which is the focus of the empirical study, the rate of home ownership is around 70% according

to the latest population census (ABS, 2010).



hand sides of (1). If this is positive then homeowners are achieving greater expected utility
than renters and vice versa.

In implementing this approach, and determining excess returns, we need to consider a
number of factors including; the form of the utility function, the size of the running costs of
homeownership, the time span over which (1) holds, the alternative investment option, and
how to construct households’ estimates of future prices and their variability.

First, we consider the alternative use of the household’s funds, i.e. what is 4,417 The
methodology potentially allows us to compare housing with any type of investment such as
shares or bonds. However, in order to keep our approach simple, and to make our results
comparable with previous research, we suppose that a renting household invests their funds in
a term deposit. This is similar with the counterfactual investment in Case and Shiller (1989),
who chose a 1-year Treasury Bill. But in practice a term deposit is a much more readily
accessible investment for a household than a government bond. Importantly, the return on a
term deposit is known a priori and given the essentially zero credit risk of Australian banks
it can be regarded as risk free. This simplifies some of our calculations. These returns are
adjusted for a supposed marginal tax rate of 25% which is around the average marginal tax
rate in Australia (Warburton and Hendy, 2006).

Second, we consider various time horizons over which the arbitrage between homeowner-
ship and renting occurs. Equation (1) has been specified for a year. Quite apart from this
being a natural time unit, and being what Case and Shiller (1989, 1990) chose, it is also
convenient because in practice rents are negotiated a year in advance. But a year might
be too short a time span when considering the planning horizon of some households. So in
addition to 1 year we also consider a 3-year horizon. This is probably as long a horizon as
we could practically consider given that the length of our data is only eight-and-a-half-years.
Some slight extensions of (1) are required to handle the longer horizon. The terminal wealth
for the homeowner now reflects price appreciation over the 3 years as well as the annual
running costs of homeownership while the evolution of the renter’s wealth must respect the
annual flow of rental payments. The 3-year condition equivalent to (1) is somewhat messier
and hence is relegated to Appendix 6.1. One of the key features of the 3-year horizon is that
it introduces greater uncertainty into the house price outcome. However, it also introduces
uncertainty for the renter given that their payments in years 2 and 3 are unknown. This
will make home ownership appear more attractive because, as argued in Sinai and Souleles
(2005), it provides a hedge against rent risk.

Third, condition (1) is an ex ante relationship. It links expected price and rental move-
ments with expected investment returns. But in practice households’ expectations are not
known and neither is the degree of uncertainty regarding these forecasts. Like Case and
Shiller (1989, 1990) we suppose that expectations are rational in the sense that the mean of
the expected change in prices is equal to the ex post change. This is not uncontroversial.

Gatzlaff (1995) has argued that one of the reasons that housing returns may have been so



high in Case and Shiller (1989, 1990) was because of non-rational expectations. However,
there seems little practical alternative to this approach short of a fully fledged econometric
model of expectations. In order to obtain an estimate of the uncertainty around this forecast
we use the sample average variance of price changes over the time period examined.

Fourth, we look to the literature for some guidance about the appropriate choice of the
annual running costs of homeownership. The relatively high running costs associated with
housing is one of the key characteristics of the asset class compared with stocks or bonds.
Harding, Rosenthal and Sirmans (2007), using the American Housing Survey, estimate that
the loss in value due to depreciation and the cost of homeowner’s maintenance expenditures
is around 2.5% of the total value of the home annually. This is clearly a very significant
cost for owners. We use this figure of 2.5% in our calculations, setting d;; equal to this
number across all time periods, regions and property types. Though we note that because
this figure does not include other running costs, such as taxes and insurance, it is likely to be
an underestimate meaning our calculations may make housing look somewhat more attractive
than it really is. Interestingly, though Case and Shiller (1990) did not have the benefit of
this recent research on home ownership costs this is also the same figure they used.

Finally, we suppose that utility over wealth takes the well known power utility functional

form (see for example, Campbell and Viceira, 2002),
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This functional form is useful; it is simple yet by varying ¢ it can reflect different levels of
risk aversion. Here ¢ represents the coefficient of constant relative risk aversion (CRRA),
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The literature points towards a value of ¢ that is greater than one and anything from 1 to
8 is plausible (see Attanasio, Banks and Tanner, 2002; Vissing-Jorgensen, 2002). According
to Hasanov and Dacy (2009) a value of 4 or 5 leads to portfolios that are similar to those
observed in the real world. Given a degree of uncertainty around the appropriate ¢ we choose
various values. In particular we will estimate excess returns for ¢ = 0,2,4,8. With ¢ =0
there is no risk aversion while a value of ¢ = 8 is high but not entirely implausible, at least
for some households. Our preferred value is ¢ = 4, which is near the center of researchers’
estimates in the literature. The power utility functional form is also convenient because in
simple situations, such as our 1-year horizon where there is home appreciation uncertainty
but no rent uncertainty, the analytical solution to the estimation of excess returns can be
2

derived. If 1+ 7jz41 is lognormally distributed with mean parameter ;¢4 and variance o7

then we show in Appendix 6.2 that excess returns in (1) take the form,
(1-9) 5
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Examining this expression we can see the excess return is equal to the expected capital gain
plus rental yield minus the costs of homeownership and the reference rate. Also there is a
downward adjustment for the variability of the expected capital gain mediated by the level
of risk aversion. The larger is ajz and ¢ the smaller is the excess return. More generally,
however, it may not be so straightforward to derive analytical solutions to (1). Such as when
we adopt a 3-year horizon where there is now variance on both the left and right hand sides
of (1) and potentially covariance between prices and rents. In such cases we will estimate the
excess returns by first simulating a large number of realizations of (1) from the distribution
of rent and sales price appreciation. Then we will solve an optimization problem which finds
eji+1 which best fits these simulated values. Confidence limits for our estimates of excess
returns are constructed using a bootstrap method. We re-sample from the basic price and
rent data, re-estimate the indexes for each type of housing and construct fresh estimates of the
excess returns. While computationally intensive this is an effective approach for constructing
confidence limits in such a complex situation.

With this framework we can proceed to construct estimates across time, and across various
dwelling configurations, of the excess returns to housing in Sydney. The rest of the paper is
devoted to the implementation of this approach in practice and an evaluation of the empirical

results.

3 An Application to Sydney’s Housing Market

In order to demonstrate the application of our methodology we evaluate the excess returns
to housing in Sydney, Australia from 2003Q1 to 2011Q2. For this we require detailed data
on dwelling sale prices and rents and their characteristics. The sales data we use comes from
Australian Property Monitors (APM) and includes a virtual census of the homes sold in
Sydney over the period. The characteristics data include information on the property type
(house or unit/condominium) and the number of bedrooms and bathrooms of the dwelling.
Our rental data comes from a major internet listing service and includes the dwelling char-
acteristics above as well as the advertised rent for the property by the vendor. While these
are not strictly transaction prices they should fairly accurately represent the actual rent paid
for the home as, unlike in the home purchase market, there is generally not a great deal of
negotiation over rental prices. The availability of such detailed rental data is an important
advantage of our study. Previous researchers have, because of a lack of such data, had to use
strong assumptions, and an element of guess work, to construct estimates of the rental yield.

With these data our objective is to estimate the prices of particular types of dwellings
in different regions of the city. With regard to this latter point we divide Sydney into
fourteen regions. They are; Inner Sydney, the Eastern Suburbs, the Inner West, the Lower
North Shore, the Upper North Shore, Mosman and Cremorne, Manly—Warringah, the North
Western Suburbs, the Western Suburbs, Parramatta Hills, Fairfield-Liverpool, Canterbury—



Bankstown, St George and Cronulla—Sutherland. These regions are fairly well recognized
real estate sub-markets in Sydney. They are used by real estate listing services in various
search engines and by real estate agents in discussing market developments and they will be
important in our formulation of the hedonic function. The distribution of these regions can
be seen in Figure 1. We propose to estimate the price and excess returns in each of these

regions segmented by property type and the numbers of bedrooms and bathrooms.

Figure 1: Sydney’s Regions

-

Parramatta and Hills
Upper North Shors

Cronulla Sutherland

Our data is summarized in Table 1. We present the means and standard deviations of
the dwelling prices, rents and the characteristics—mumber of bedrooms, bathrooms and the
binary variable ‘house’, which is equal to one if the dwelling is a house and zero if it is a
unit/condominium. These are broken down by the 14 regions.

A number of features to note regarding the data. First, both the sale price and rental
data sets are large. There are 1,950,672 observations in total. The size of the data will help
us to estimate potentially quite complex hedonic regression models. The rental data set has
many more observations than the sales data, 1.5 million compared with around 400,000. This
reflects the fact that properties sell only infrequently but rental vacancies are listed much

more often.



Table 1: Summary Statistics

Number Mean Standard Deviation
of Obs. Price (3) House Beds Baths Price (§) House Beds Baths

Sale Prices

Inner Sydney 24,945 655,372 024 1.95 1.43 453,990 0.43 0.85 0.55
Eastern Suburbs 38,261 994,239 0.43 2.52 1.48 709,033 0.50 0.95 0.63
Inner West 27,424 764,952 0.69 2.45 141 405,569 0.46 0.87 0.57
Lower North Shore 25,159 904,590 0.49 2.63 1.60 564,430 0.50 1.02 0.65
Upper North Shore 24,954 848,843 0.81 3.42 1.94 421,962 0.39 0.95 0.69
Mosman and Cremorne 10,649 1,067,200 0.37 2.48 1.54 810,291 0.48 1.01 0.65
Manly—Warringah 32,304 876,755 0.54 2.77 1.64 563,008 0.50 1.05 0.69
North Western Suburbs 30,548 682,467 0.75 3.11 1.70 354,714 0.43 0.96 0.69
Western Suburbs 31,665 528,266 0.55 2.69 1.49 309,546 0.50 0.88 0.59
Parramatta Hills 35,341 499,291 0.82 3.29 1.74 198,413 0.39 0.88 0.69
Fairfield—Liverpool 29,891 382,195 0.83 3.14 1.47 150,241 0.38 0.83 0.62
Canterbury—Bankstown 16,804 408,089 0.60 2.72 1.33 179,250 0.49 0.83 0.57
St George 40,674 550,985 0.65 2.79 1.48 245,584 0.48 0.90 0.63
Cronulla—Sutherland 26,835 627,303 0.68 2.98 1.62 343,954 0.47 0.98 0.67
All Regions 395,454 699,324 0.60 2.78 1.56 407,856 0.46 0.92 0.64
Rents’
Inner Sydney 174,019 574 0.16 1.73 1.36 286 0.36  0.77 0.52
Eastern Suburbs 231,876 595 0.25 2.13 1.30 317 0.43 0.83 0.52
Inner West 150,292 496 0.47  2.09 1.29 212 0.50 0.83 0.50
Lower North Shore 137,126 568 0.28 2.17 1.40 283 0.45 0.92 0.57
Upper North Shore 56,685 632 0.69 3.07 1.77 315 0.46 1.03 0.69
Mosman and Cremorne 70,879 596 0.20 2.06 1.33 343 0.40 0.86 0.55
Manly—Warringah 99,065 594 0.33 2.28 1.41 305 0.47 0.96 0.60
North Western Suburbs 100,942 434 0.56 2.63 1.44 186 0.50 0.93 0.60
Western Suburbs 139,113 398 0.40 2.36 1.37 156 0.49 0.79 0.53
Parramatta Hills 96,052 381 0.63 2.80 1.52 145 0.48 0.91 0.61
Fairfield—Liverpool 79,816 324 0.69 2.76 1.30 103 0.46 0.83 0.51
Canterbury—Bankstown 52,814 330 0.43 2.40 1.18 108 0.50 0.74 0.43
St George 116,190 399 0.50 2.42 1.29 137 0.50 0.83 0.52
Cronulla—Sutherland 50,349 442 0.50 2.53 1.40 182 0.50 0.90 0.58
All Regions 1,555,218 483 0.43 2.39 1.38 219 0.46 0.87 0.55

T The rental price is measured as the cost per week.

Second, the composition of homes for rent is somewhat different from those for sale. On
average only 43% of rental dwellings are houses, the remainder being units. This compares
with 60% of sold dwelling being houses. Rental dwellings are generally somewhat smaller—
having fewer bedrooms and bathrooms—and are more centrally located than sold properties.
But it is important to note this is for the mean of the distributions. The standard deviation
of the characteristics indicate that there is still significant heterogeneity in both the size and
type of rental and sold dwellings. This is important because for each dwelling type we need
to impute both a price and a rent in order to solve (1). The breadth and depth of the rental
and sales data enable us to do this very effectively.

Third, there is clearly significant regional variability in property types and in property

prices. Some central regions are obviously very expensive, most notably Mosman and Cre-
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morne, while those in the outer ring have larger and relatively cheaper homes. The extent
of these regional price differences is suggestive of the existence of property sub-markets and

potentially differing price and rents trends across the city.

3.1 Constructing the Hedonic Price Indexes

In order to construct the capital return to housing for different property types we use hedonic
methods. Our objectives in this regard are two-fold. First, to construct estimates of the
capital return to housing and rental costs at a disaggregated level and show that indeed
these do vary significantly across property types. Second, to show that models which allow
for this flexibility perform better, and are more fit for purpose, than more aggregated models.

We start by proposing a general hedonic specification. This encompasses some commonly
used models but also allows for more flexible alternatives which enable us to make maximum
use of the available data. The model potentially allows for flexible region- and time-specific
fixed effects in the shadow prices of the characteristics. Let us use h;;,- to denote either a
dwelling sale price (pii-), or rental (r;.), where observations are indexed by the particular
dwelling ¢, time t—which is quarters in our application—and region r, being the 14 regions

previously outlined. The general hedonic model takes the form,

C
log (hirt) = O‘ﬁto + Z aﬁtczirtc + E?rt (5)
=1

The variable z;.. denotes the value of characteristic ¢ for a particular observation and the
various o, are the shadow price coefficients which we will parameterize and estimate. The
characteristics are those discussed above; property type (house or unit/condominium), num-
ber of bedrooms and number of bathrooms as well as an intercept. Our model is potentially
quite flexible in that, as indicated by the subscript, we can estimate different shadow prices
for each characteristic in each time period and region. Moreover, we do not place any re-
strictions upon the rent and price equations such as forcing their parameters to be constant.
Such flexibility in both the spatial and temporal dimension is likely to be important. The
spatial variation in property prices is well documented (Basu and Thibodeau, 1998; Gelfand
et al, 2004; Bourassa, Cantoni and Hoesli, 2010) while Pakes (2003) argued that there is lit-
tle reason to believe that hedonic shadow prices should be fixed across time. They represent
the equilibrium outcome of the continually evolving forces of supply and demand. Hence
temporal as well as spatial flexibility should be built into the hedonic model. Specification
(5) provides a simple way of doing this without having to estimate computationally intensive
spatial and/or temporal functions. In selecting a hedonic model and illustrating the impor-
tance of allowing for disaggregated price movements we consider various specializations of

equation (5).
Perhaps the simplest approach, and one that has been widely estimated in the hedonic

literature is the time-dummy hedonic model (Haughwout, Orr and Bedoll, 2008; Eurostat,
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2011). This is what we call Model A. Here the shadow prices are fixed across time and regions

except for the intercept which is allowed to vary across time, that is a,}}to = B{b and for ¢ > 0

h

h .= Bl where the f’s are the parameters to estimate. In essence, these are the

we have «
sort of assumptions which are implicit in the models that have been previously used in the
literature with all dwellings assumed to have the same temporal price trends. A more flexible
alternative is Model B which allows for regional heterogeneity in the shadow prices and the

temporal price trend, o, = Bl and for ¢ > 0 we have o, = 8. Model C adds to this by

including separable temporal variation in the characteristics’ shadow prices, o, = 30, and

h

h . = B+ Bl However, none of these models allow for any interaction

for ¢ > 0 we have «
between temporal price trends and spatial price drivers other than for the intercept. Model
D builds upon Model C by including interactions between the region and the year. This
allows the shadow prices to change differently across years. As usual we set ol = Bl

while for ¢ > 0 we allow spatio-temporal trends in prices by interacting region with year.

hr
rt[ylc

temporal variation. Finally, in Model E we allow for a full range of spatial and temporal

We express this as, ol = + B where the subscript ¢[y] indicate that there is yearly
interactions with the dwelling characteristics so separate shadow prices are estimated in each
time period and region for each characteristic, i.e. we require the full set of subscripts such
that af}tc = ﬁfm. However, this model is computationally burdensome given the large number
of parameters and the size of our data set.

Table 2 outlines the performance of each model with regard to various model selection
criteria. These criteria—the Akaike Information Criterion (AIC), the Bayesian Information
Criterion (BIC) (see Greene, 2008) and the Cross Validation Criterion (CVC)—provide some
basis upon which to evaluate the various models. The first two selection criteria are essentially
measures of the explained sum of squares penalized for the addition of extra parameters. The
final measure, the CVC, is perhaps most relevant for our purposes. It measures the out-of-
sample forecasting performance of the models. The CVC is calculated as the sum of the
squared errors when each observation in turn is withheld from the estimation data set and
all other observations are used to try and predict it. In this case, like for the AIC and BIC,
a lower value is preferred.

The performance of the various models provides some clues as to the existence or otherwise
of disaggregated price trends. Significantly in this regard the time-dummy method, Model A,
which assumes a constant city-wide price trend, is soundly rejected on the basis of all model
selection criteria. It is the worst performing model. Model B, which only allows for regional
price effects, also performs badly on the basis of our three criteria. The remaining models do
better. Model D is preferred on the basis of all three criteria for the sales price data while
Model E is preferred, again for all three criteria, for rents. But note that for rents the CVC
for Model E is just 0.09% lower than for Model D yet has almost twice as many parameters,
1,905 in all. Given the size of the data set there are significant computational savings to be

had from estimating a smaller model and to estimating the same model for sale prices and
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Table 2: Hedonic Regression Model Selection Criteria

Number of: R? Model Selection Criteria
Obs. Parms. AIC BIC CVC
Model A:
Sale Prices 395,454 52 0.6803 -551,841 947,295 36,038
Rents 1,555,218 52 0.6812 2,760,715 —4,315,933 96,954
Model B:
Sale Prices 395,454 519 0.7031 -580,088  —975,540 33,558
Rents 1,555,218 519 0.7009 —2,859,018 —4,414,236 91,014
Model C:
Sale Prices 395,454 621 0.7041 -581,262 976,714 33,462
Rents 1,555,218 621 0.7025 -2,866,981 —4,422,199 90,552
Model D:
Sale Prices 395,454 999  0.7051 -581,935 977,384 33,415
Rents 1,555,218 999 0.7033 2,870,814 —4,426,031 90,333
Model E:
Sale Prices 395,454 1,905 0.7062 -581,467  -976,903 33,488
Rents 1,555,218 1,905 0.7040 2,872,475 —4,427,688 90,252

rents. So while Model E is strictly preferred for rents we propose to instead use Model 4
which performs almost as well. We investigated the consequences of this choice on subsets
of the data and the resulting rent indexes were very similar. Hence this choice is unlikely to
have had any significant effect on the results.

From our selected model we can obtain imputed sale, p;(z;), and rental prices, 7(z;), for
houses of any particular configuration, z;. This is just what is required in (1). In fact we will
construct such estimates of dwelling prices and rents for each region, structure type (house
or unit/condominium), up to 5 bedrooms and 3 bathrooms. That is for 420 (=14 x 2 x 5 x 3)
different property configurations. This enables us to evaluate (1) for each of these and
construct estimates of the excess returns for many different types of housing.

Let us examine some of the results from the estimation of our hedonic regression. To
illustrate the diversity of price trends across Sydney over the period we plot price indexes for
a house with 3 bedrooms and 2 bathrooms, one of the most common dwelling configurations
in our sample, in a representative selection of regions—the Eastern Suburbs, the Inner West,
the Upper North Shore and Cronulla—Sutherland. The results are shown in Figure 2a. What
is striking is the strong evidence of regional dispersion in price appreciation. Prices rose by
37.5% in the Inner West but by just 21.8% in Cronulla—Sutherland. Rental growth, shown
in Figure 2b, has been stronger on average and still presents significant dispersion in price
trends—particularly after 2007. Over the period Cronulla—Sutherland experienced relatively
high growth of 48.6% while in the Eastern Suburbs growth was comparatively poor at 35.4%.

Figures 3a and 3b explore sub-regional price trends by plotting sale prices and rents for

different types of homes in the Eastern Suburbs. There is evidence of distinct price trends
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Figure 2: Price Indexes (Selected Regions, House, 3 Beds, 2 Baths)
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even at the sub-regional level between different property types. In the Eastern Suburbs sales

price growth has been weak overall, but much more so through the mid-2000s for units with

2 bedrooms and 1 bathroom than for houses. On the other hand rentals for this property

type have risen much more strongly than for houses.

These diverse region- and property type-specific price trends are estimated quite ac-

curately. We constructed confidence intervals around these indexes by using a bootstrap

method, stratified by time period and region. In all 250 estimates were obtained from the

Figure 3: Price Indexes (Selected Property Types, Eastern Suburbs)
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Figure 4: Confidence Intervals (Eastern Suburbs, House, 3 Beds, 2 Baths)
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bootstrap samples and from this we formed 95% confidence intervals. To illustrate the size
of these confidence intervals we plotted those for a house with 3 bedrooms and 2 bathrooms
in the Eastern Suburbs in Figure 4a for sale prices and Figure 4b for rents. These were fairly
typical. The tightness of the bounds indicate that many of the differences in price movements
seen between regions and property types are statistically significant.

The hedonic models yield estimates for the shadow prices of the various characteristics.
In Model D these varied over both time and space. Figure ba and 5b illustrate how the
shadow price for bedrooms evolved for our four selected regions. The coefficients represent
the approximate percentage effect on price given we use a log transformed dependent variable.
They reveal some interesting features. The two regions which are farthest from the CBD, the
Upper North Shore and Cronulla—Sutherland, have the lowest shadow prices for bedrooms.
This likely reflects the relative abundance of land and hence a reduced premium for space
in the outlying suburbs. Interestingly, there appears to be some significant divergence in
the shadow prices in the rental and price equation. For example, in the case of the Upper
North Shore the average coeflicient on bedrooms in the sale price equation is 0.1598 but it
is 0.2120 for the rental equation. This reflects the complex interaction between supply and
demand factors in local housing markets. Our estimated hedonic model is able to reflect
these differences and hence faithfully represent the prices of specific types of homes and their
rental cost.

Finally, it will also be useful to examine the returns to housing with those available from
the other investment option considered. Figure 6 presents and index of sale prices and rents
across all property types in Sydney, weighted by their empirical frequency in our data. Our

sales price index is broadly consistent with other such indexes (ABS, 2011; Hansen, 2009;
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Figure 5: Bedrooms Coefficient (Selected Regions)
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Hill, Melser and Syed, 2009). At the beginning of our series, in 2003, prices rise quickly. This

was the tail-end of a housing boom which crashed over 2004. Prices were stable for sometime

after this and started to rise prior to the global financial crisis (GFC) when they fell back in

2008. They posted a strong recovery following the end of the GFC but more recently have

been subdued. Rents grew more strongly and consistently though paused during the 2004

decline and the GFC. Also in Figure 6 we plot an index of returns on a 1-year term deposit

before tax. The fact that this has grown so much more strongly than house prices and indeed

rents, is suggestive of weak excess returns to housing.

These various price and rent series from the hedonic function determine the capital gain

Figure 6: Sales Price and Rent Indexes (All Property Types) and 1-year Term Deposit
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Table 3: The Returns and Covariance Matrix for Sales Prices and Rents (%)

Appreciation Rates Horizon: 1 Year Horizon: 3 Years
Sale Rents Sale Rents
Prices Prices
Mean
Median 1.79 4.91 4.78 18.10
Lower Quartile 0.99 3.96 1.79 13.93
Upper Quartile 2.75 6.04 8.00 22.06
Standard Deviation
Median 8.12 5.12 9.84 8.15
Lower Quartile 7.01 4.39 7.26 6.00
Upper Quartile 9.56 5.89 13.39 10.06
Covariance Matrix
Median
Sale Prices 65.92 — 9691 —
Rents 7.38 26.26  36.09 66.49
Lower Quartile
Sale Prices 49.16 —  52.73 —
Rents 0.70 19.31 13.85 36.06
Upper Quartile
Sale Prices 91.47 — 179.39 —
Rents 13.89 3470 61.84 101.11

or loss component of the owner-occupier’s return. Hence the trends in appreciation rates for
rents and sale prices for different types of dwellings are important in determining the overall
results. But a key feature of our approach is that we also take account of the uncertainty
around these expected outcomes. That is, for a specific property type we simulate realizations
of future sale prices and rents given the mean of this distribution and the empirical covariance
matrix constructed from these indexes. This is used in solving (1). The covariance matrix is
important because the variability in returns influences their attractiveness given household
risk aversion. Because we consider 420 different dwelling configurations there are as many
sets of mean returns and covariance matrices. Table 3 summarizes these results by looking at
the median rate of appreciation, median standard deviation and median parameter values for
the covariance matrix, across the 420 dwelling configurations. The upper and lower quartiles
are also presented. This is done at both the 1-year horizon and the 3-year horizon.

As we saw in the preceding figures, the rate of sale price appreciation was on average
significantly below that of rents. The interquartile ranges indicate that for both rents and
sale prices there is some heterogeneity in price change. At a l-year horizon the median
standard deviation of sales price appreciation is 8.12%. This is about mid-way between the
14.24% reported by Flavin and Yamashita (2002) and 4.89% of Hasanov and Dacy (2009).
The median annual standard deviation for rents is 5.12% which is just 63.1% of that for home

prices. Interestingly, however, the ratio of the standard deviation of rents to prices rises at a
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3-year horizon to 82.8%. This indicates that the uncertainty around rents relative to dwelling
prices might be more important at a longer horizon. The covariance between sale prices and
rents is relatively stronger at a 3-year horizon. This is generally positive, indicating that
home prices and rents move together, though in our empirical results this was not always the

case.

3.2 Calculating Excess Returns

With our hedonic model, and using our constructed forecasts of price and rent changes and
their covariance for each of the 420 dwelling configurations, we can proceed to calculate the
excess return to housing using equation (1). First, to a sample of the results. Consider
the excess returns over a l-year horizon for four specific configurations of region, property
type and size; (a) Eastern Suburbs, unit, 2 bedrooms, 1 bathroom, (b) Inner West, house,
3 bedrooms, 1 bathroom, (c) Upper North Shore, house, 5 bedrooms, 3 bathrooms, (d)
Cronulla—Sutherland, unit, 1 bedroom, 1 bathroom. The path of excess returns for these
cases, with ¢ = 4, is depicted in Figure 7a.

What is immediately evident is the cyclical nature of excess returns. There is strong
evidence of the co-movement of excess returns for the different dwelling configurations in
Figure 7a. Broadly this follows the trend in overall home price movements seen in Figure 6.
The fall in home sales prices over 2004 and 2008 led to large negative excess returns while the
jump in prices in 2009 led to a spike in returns. However, what is also evident is a significant
degree of heterogeneity in these returns. For example, the Inner West house performed much
better during the peaks, at the beginning of 2007 and 2009, but worse during the trough in

2008. Returns for the Cronulla—Sutherland unit were somewhat more stable. In just the four

Figure 7: Excess Returns (1-year Horizon, ¢ = 4)
(a) Various Regions, Various Property Types
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cases outlined in Figure 7a the level of excess returns sometimes differs by as much as 20%.
As can be seen in Figure 7b, which provides a bootstrap confidence interval, the returns series
are estimated fairly accurately. Hence these differences are statistically significant.

In fact there are 420 different excess return series for each combination of horizon and
risk parameter that we employ. These results are primarily summarized in Table 4 and the
accompanying figures. Our focus is two-fold. First, we are interested in the overall level of
excess returns across all property types over the period. Hence we include the average returns
under the various scenarios we consider at the top of Table 4. Second, we investigate the
heterogeneity in excess returns across a property’s dimensions which was evident in Figure
Ta. We do this by presenting weighted geometric average returns across each dimension. For
example, in the case of regions we weight the excess returns for each dwelling configuration
over time by the number of times such a dwelling is recorded in the sample. This weighting
ensures that the more common dwelling types get a higher weight than those which are rarer.
Note that these weights are held fixed across regions so any differences in excess returns in
this case represent a pure region effect. However, in addition to the average results in Table
4 we also present the results for the few special cases shown in Figure 7a.

Let us focus first on the average excess returns across all observations for regions, property
types and property sizes. These are shown in the first line of Table 4. Our best estimate
of excess returns at a 1-year horizon is where we set ¢ = 4. Average excess returns over
the whole sample were sharply negative at —4.27%. According to our bootstrap confidence
intervals this value is statistically significantly different from zero at the 1% level. This
provides a stark contrast with the returns calculated by others. As noted above, Case and
Shiller (1990) found average annual excess returns, from 1970-86, of 4.22% for Atlanta, 2.70%
for Chicago, 7.31% for Dallas, and 20.77% for San Francisco. Flavin and Yamashita (2002)
find an annual real return to housing of 6.59% compared with effectively a zero return on
bonds. What are the reasons for such a sharp divergence?

First, prior calculations took place during periods of relatively stronger house price
growth. As shown in Figure 6 dwelling prices grew on average by 20.34% over the period
from 2003Q1 to 2011Q2. This compares with CPI growth for Sydney of 24.92%, indicating
mildly negative real appreciation. In contrast Case and Shiller (1989) report that real house
price growth per annum was essentially zero for Atlanta, 0.28% for Chicago, 2.01% for Dallas,
and 3.70% for San Francisco. This is no doubt an important reason for the divergence but
is unlikely to be the only reason as indicated by the fact that even Atlanta, which recorded
zero real appreciation, produced much higher excess returns than we have calculated.

A second likely factor is our use of a framework that incorporates households’ risk aversion
and the uncertainty associated with price changes. We can get an idea of the impact of risk
aversion by looking across the average excess returns for all observations for different values of
¢. Indeed one of the key contributions of this paper is to examine the return to housing within

a model which accounts for risk. In this regard we have evaluated excess returns using four
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Table 4: Excess Returns from 2003Q1 to 2011Q2 (Annual, % of Property Price)

Number Horizon: 1 year Horizon: 3 years
of Obs. ¢=0 ¢=2 ¢=4 ¢=38 p=0 ¢=2 ¢p=4 ¢$=38
All Observations 1,950,672 —0.55% —2.40* —4.27* -8.02¢ 0.12% —1.12% —2.48* —5.04
Some Specific Cases
Eastern Suburbs, unit, 2 beds, 1 bath 98,268 —0.62% —2.44* —4.27* -7.93% 0.51* —-0.91* —2.34* -5.09
Inner West, house, 3 beds, 1 bath 21,589 0.43° -1.52% -3.46* -7.35% 1.37* 0.53* -0.32  —2.00*
Upper North Shore, house, 5 beds, 3 baths 4,976 1.45* -0.11 -1.68* —4.83“ 1.84% 1.59* 1.33* 0.82
Cronulla—Sutherland, unit, 1 bed, 1 bath 5,186 —2.24% —4.04* —5.84* —9.45% -1.87% —4.52% -7.19* -12.07°
By Region
Inner Sydney 108,964  1.22% —0.86° -2.94* -7.12°  1.94° 0.93° —0.09 -2.14°
Eastern Suburbs 270,137 -0.81* —-2.91* -5.01* -9.22¢ 0.23% -0.75% -1.73 -3.67°
Inner West 177,716 0.02 -1.69* -3.40* -6.83¢ 1.10* -0.02 -1.15* -3.41“
Lower North Shore 162,285 0.14 -1.32* —2.77* -5.70° 0.84* 0.16 -0.53%° -1.90°
Upper North Shore 81,639  0.30 -1.19% —2.69* -5.70¢ 1.06* 0.07 -0.94* -2.96°
Mosman and Cremorne 81,528 —0.85% —2.47* —4.09* -7.33* -0.03 -0.53% —-1.03* —2.04°
Manly-Warringah 131,369 —-0.65* —2.02* -3.39* -6.16* -0.19° -0.61* -1.04* -1.91¢
North Western 131,490 -0.95% -3.67* -6.41* -11.91* -0.49* -2.33% -4.21* -7.78¢
Western Suburbs 170,778 —2.42% —4.52% —6.64* —-10.90® —-1.46% —-3.24* —5.23* —9.00
Parramatta Hills 131,393 —0.64* -1.67* -2.69* —4.74% 0.10 -1.27* —-2.65* -5.36“
Fairfield—Liverpool 109,707 -0.33 -2.66* -5.01* -9.71* -0.45 -3.01* -6.10* -11.21¢
Canterbury—Bankstown 69,618 -1.19% —4.58% -8.02% -14.93* —0.87° —2.40* -5.35¢ -9.89°
St George 156,864 —0.36° —2.10* -3.85* —7.37“ 0.15 -1.68* -3.54* -7.11¢
Cronulla—Sutherland 77,184 —-1.46% -3.41* -5.36* —9.27* —-1.29* —2.93* —4.59¢ —7.82¢
By Property Type
Unit 1,093,410 0.22°¢ —-1.56* —-3.36* —6.98¢ 0.97* —0.46% —1.99%* —4.85¢
House 857,262 -1.19* -3.37* -5.56" -9.95* -0.63* -1.70 -2.88¢ -5.16“
By Property Size
1 bed, 1 bath 315,328 -1.12* -3.36* -5.62° -10.16" -0.40* -1.90 -3.67* -6.96“
2 beds, 1 bath 620,998 -0.89° —2.91* —4.94* -9.02* -0.14* -1.58% -3.18* —-6.19°
2 beds, 2 baths 204,508 —-0.51% —2.23* —-3.95% —7.43¢ 0.07 -0.96* —2.05* —4.15“
3 beds, 1 bath 280,311 -0.71* —2.80* —4.89* -9.10“ 0.13 -1.28% —2.79* -5.65°
3 beds, 2 baths 246,586 —0.31* —1.94* —-3.58* —6.89 0.33* -0.57* -1.50* -3.32°
4 beds, 2 baths 124,958 -0.13 -1.95% -3.77% —T7.44¢ 0.60* —0.25% -1.12* —2.81¢
5 beds, 3 baths 22,257 0.40 -1.68* -3.77* —7.98¢ 1.08* 0.39 -0.31* -1.69*

Note: *=the coefficient is statistically different from zero at the 1% significance level on the basis of a two-side test, *=5%, °=1%.

different values for the CRRA parameter; 0, 2, 4 and 8. For the case of no risk aversion, ¢ = 0,
average excess returns for a 1 year horizon are —0.55%. With a ¢ of 2 returns on average drop
to —2.40% and with ¢ = 8 excess returns are —8.02%. The effects of differing risk aversion can
be seen even more starkly by focusing on a specific case for illustrative purposes. Consider
the excess returns for an Eastern Suburbs house with 3 bedrooms and 2 bathrooms across
a l-year horizon. The results are plotted in Figure 8. Clearly, the assumptions regarding

risk aversion matter a great deal for evaluating the excess returns to housing. While there
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Figure 8: Excess Returns (1-year Horizon, Eastern Suburbs, House, 3 Beds, 2 Bath, Various
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will be disagreement about the precise value that ¢ should take there is likely to be broader
consensus that a value of around 4 is more appropriate than zero. With a 1 year horizon this
would correspond to a downward adjustment of almost 4% to previously calculated excess
returns which assumed no risk aversion.

Finally, it appears that previous studies may have used a somewhat higher rental yield
than we observed in our data. Case and Shiller (1989) apparently used a fairly modest 5% but
they raised this considerably in Case and Shiller (1990), to an average of 8%. We can infer
from Flavin and Yamashita (2002) that they used something around 7.5%.% Our calculation
of rents and prices indicated that rental yields were generally well below 5%. They averaged
4.32% over our sample but varied greatly across time and property types. This is illustrated
in Figure 9a, which shows the rental yield for a house with 3 bedrooms and 2 bathrooms, and
Figure 9b, which shows the yield for different types of properties in the Eastern Suburbs.

The results in Table 4 also show that the horizon over which condition (1) is imposed
matters. If we compare the average excess returns achieved at a 1-year horizon with those
using a 3-year horizon then it is invariably the latter which produces the higher excess returns.
On average, for ¢ = 4, excess returns are —4.27% for the 1-year horizon but are —2.48% for
the 3-year horizon. The differences are larger for higher levels of risk aversion and smaller
when there is less or no risk aversion. This is not entirely unexpected as the longer horizon
introduces appreciation uncertainty for the renter as to what they will have to pay in years
to come. This makes owning more attractive. This is exacerbated by the apparent rise in

the relative variance of rents to sale prices that we found at a 3-year horizon and illustrated

3They do not explicitly assume a depreciation rate as this drops out of their formula. However, they
assumed a baseline return of 5% and that homeowner costs are passed straight through to rents. If we add
our assumed 2.5%, which is also used by Case and Shiller (1990), then we get 7.5%.
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Figure 9: Rental Yields

(a) Various Regions, House, 3 Beds, 2 Baths (b) Eastern Suburbs, Various Property Types

55 T T 55 T T T T
Eastern Suburbs House, 3 beds, 2 baths
— — — Inner West — — — House, 5 beds, 3 baths
51 Upper North Shore i 5L Unit, 2 beds, 1 bath
—&— Cronulla-Sutherland
45 : & 45}
Qo
‘(B‘ A
14
Q
4 g L
a
|
=]
L
35 i g
14
3 |
25 L L L L L L L L 25 L L L L L L L L
2003 2004 2005 2006 2007 2008 2009 2010 2011 2012 2003 2004 2005 2006 2007 2008 2009 2010 2011 2012

Year Year

in Table 3. These results also give some empirical support to the point made by Sinai and
Souleles (2005) that one of the key advantages of homeownership is its role as a rent hedge.
It seems likely that if we were to extend out the horizon even further the return to housing
will commensurately rise. Though this is difficult for us to investigate given the length of our
data.

These results indicate that on average—over all property types, sizes and regions—we
can be pretty sure that the excess returns to homeownership were not positive in our sam-
ple. Using detailed disaggregated data, a reasonable framework and incorporating realistic
assumptions about risk we argue that residential real estate has not been a good investment
for the average household over this period. Yet the focus on the average obscures much of the
bigger picture. This is of significant heterogeneity in excess returns to housing across regions,
time and property types. The remainder of Table 4 provides some clues to this heterogeneity.

If we look across the regions, at the weighted average excess returns, then it is clear
that some of the heterogeneity is due to the different price paths. Figure 10a plots the
excess returns across regions for a fixed dwelling type. It really matters where you purchased
your dwelling. Some regions—such as Inner Sydney, the Inner West and the Upper and
Lower North Shore—have had much stronger excess returns than average while others—the
Western Suburbs, Canterbury-Bankstown, North Western, and the Eastern Suburbs—have
performed relatively poorly producing markedly negative excess returns. However, part of
the heterogeneity in returns is also due to the nature of the property, its size and its type.

Interestingly, there were higher excess returns to units as opposed to houses over the
period. This is potentially important for households to know as the choice to purchase a unit

or a house is often one that buyers agonize over. The reason that the return for units was
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Figure 10: Excess Returns Across Regions and Property Sizes (1-year Horizon, ¢ = 4)

(a) Various Regions, Unit, 2 Beds, 1 Bath (b) Eastern Suburbs, Various Property Types
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higher than that for houses was primarily because of the elevated rental yields on the former.
This was seen in Figure 9b for the Eastern Suburbs but held more generally. With the prices
of most property types posting only modest gains over the period the differences in rental
yield were important.

The average excess returns across property sizes indicate that the smallest and largest
dwellings performed the best. The fact that excess returns were stronger for larger—and
generally more expensive—dwellings is consistent with Kiel and Carson (1990) who also find
this. The prevailing wisdom is that as an investment opportunity becomes more expensive,
and liquidity constraints make it more difficult to exploit, excess returns are likely to develop.
The higher returns on smaller dwellings is primarily related to their higher rental yield. The
differing returns across dwelling types is illustrated well by Figure 10b. This compares the
returns for three dwelling types within the Eastern Suburbs with the differences being quite
large. Most notably the smaller unit performed much better during the price downturn in

2008.

4 Conclusion

Calculating the returns to housing represents a venerable tradition in the literature. We have
proposed an alternative approach to this problem. Importantly this takes account of risk
aversion and can be implement at a disaggregated level, essentially the level of the individual
home. This approach was applied to the problem of estimating the excess returns to housing
in Sydney, Australia, from 2003Q1 to 2011Q2. The results provide a new perspective on the

risks and returns facing owner-occupiers. They show that excess returns were not universally
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positive for homeowners. Indeed, far from it. For reasonable levels of risk aversion returns
were negative for a significant portion of the city’s real estate. Our best estimate was that
excess returns averaged —4.27% per annum over the period compared with an investment
in a term deposit. However, what was also apparent was that excess returns varied greatly
over the cross section of home-types and regions. This means that it matters very much
what type of property you bought, and where, in terms of the returns you received upon
your investment. The household’s level of risk aversion was also influential as was the time
horizon of which we considered buying and renting.

This provides a clearer perspective of the significance of the decisions facing households
when deciding what type of home to buy or whether to buy at all. The primary message
arising from this is that prior work may have painted an overly sanguine and simplistic picture
of owner-occupied housing as an investment asset. While it remains to apply the methodology
to a broader range of cities and time periods our conclusion thus far is that the returns to
housing are quite poor and much more complex than has been appreciated. In this regard
we have perhaps taken some of the gloss off housing as an investment class by introducing a

more practical and realistic perspective into the quantification of homeowners’ returns.
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6 Appendix

6.1 Equilibrium Condition for a 3-Year Horizon

In extending (1) to a 3-year horizon we need to be aware of the flow of payments and the
way in which inflation in rents and sales prices changes these. The expression for the 3-year

equilibrium condition is,

S B e )
oo rmnapfismaloo) o)

Here we have used 7j;41 to denote rental price inflation between periods ¢ and ¢ 4 1 and

assumed these is a constant depreciation rate ¢;. The expression also takes account of the

timing of rental payments.

6.2 An Analytical Solution for Excess Returns in a Special Case

Here we suppose that the relative prices, pji+1/pjr = 1 + mji41, are lognormally distributed
with mean parameter pj;41 and variance 0']2». Furthermore, we just consider the 1-year horizon
where rents (rj;) and returns (i;41) are known with certainty. Then let us first note the fact

that if ;41 = 1 + mj;41 is a log normally distributed random variable then,

0_2

. :
log E [241] = E [log(xje41)] + 5\/&1" log(wjer1)] = pjt+1 + EJ ™)

Now remove the common product 1/(1 — (b)pjl-t_ ¢ from the left and right hand sides of (1). If
we take the log of the right hand side, use (7) and note that log(1 + y) ~ y for +y close to

() 8) o))
(I iy I

=(1- ¢){lujt+1 — 0t — ejt+1} + 4 _2¢)2‘732' )

zero, then,
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log Et = Et

Equating this to the left hand side of (1) and rearranging yields,

rit . (1-¢)? ,
(L=g)log { (1=~ p(tivy) | = (1= ) pjeer = 0 = €jepr o+ =05 (10)
J
Or,
. . 1
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