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We apply the dynamic Gordon growth model to the housing market in 23 US metropolitan areas, the four
Census regions, and the nation from 1975 to 2007. The model allows the rent–price ratio at each date to
be split into the expected present discounted values of rent growth, real interest rates, and a housing pre-
mium over real rates. We show that housing premia are variable and forecastable and account for a sig-
nificant fraction of rent–price ratio volatility at the national and local levels, and that covariances among
the three components damp fluctuations in rent–price ratios. Thus, explanations of house-price dynamics
that focus only on interest rate movements and ignore these covariances can be misleading. These results
are similar to those found for stocks and bonds.

� 2009 Elsevier Inc. All rights reserved.
1. Introduction

The boom and bust to house prices and housing returns over the
past 12 years is likely unprecedented in the United States. Accord-
ing to data from the Bureau of Economic Analysis and MacroMar-
kets LLC, real house prices in the United States increased by about
6-1/2% per year over the 1997–2006 period. To put this growth in
context, over the decade spanning 1987–1996, the same data
sources suggest that real house prices in the United States did
not increase at all; and, the available evidence suggests that real
house prices in the United States increased by less than 2% per year
in real terms over the 1950–1996 period (Davis and Heathcote,
2007; Shiller, 2005).

From year-end 2006 through the first quarter of 2009, real
house prices have fallen by 34%, and many expect house prices
to continue to fall over the next few quarters. Extraordinary events
in the financial sector and the macroeconomy as a whole have
accompanied this decline of house prices. The fall in house prices
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triggered a wave of mortgage defaults and home foreclosures,
perhaps because some borrowers did not fully understand the
terms of their mortgage contract (Bucks and Pence, 2008) or per-
haps because a significant portion of homeowners chose to strate-
gically default once their mortgage was sufficiently under water
(Haughwout et al., 2008; Foote et al., 2008). The increase in default
rates on mortgages lead to a collapse in the price of mortgage-
backed securities, which likely contributed to a run on the
‘‘shadow” banking system (Gorton, 2009) and sharp devaluation
of stock prices. According to data from the Flow of Funds Accounts
of the United States, the decline in house prices and stock prices re-
duced household net worth by 20% in nominal terms ($13 trillion)
from mid-2007 through year-end 2008. The loss of wealth was
associated with a sharp decline in consumer spending via standard
‘‘wealth-effect” arguments (Davis and Palumbo, 2001) leading to
the contraction of real GDP and the current recession.

With this background in mind, the goal of this paper is to exam-
ine time-series fluctuations in house prices and the returns to
housing using tools that have proved successful in characterizing
the nature of returns in the stock and bond markets. Specifically,
we start with the definition of the one-period return to housing.
It can be shown that this definition implies that the ratio of hous-
ing rents to house prices, the ‘‘rent–price ratio,” must be equal to
the present discounted value of expected future housing service
flows and the expected future returns to housing assets. The
expected future returns to housing assets can further be split into
the sum of expected future risk-free rates of interest and expected
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1 See the press release dated March 18, 2009 at the Federal Reserve Board web site,
available at http://www.federalreserve.gov/newsevents/press/monetary/
20090318a.htm.
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future premia paid to housing over the real risk-free rate. This
model is known in the finance literature as the dynamic version
of the Gordon growth model (Campbell and Shiller, 1988a,b). The
approach is equivalent to assuming that house prices are the dis-
counted sum of housing rents, where the growth rate of housing
rents and required return to housing can vary over time. It is pre-
cisely this variation over time in expected required returns and ex-
pected growth rate of housing rents that yields changes in relative
house prices, enabling us to study the factors responsible for time-
series changes to housing valuations.

To put the dynamic Gordon growth model to practice, at each
point in time we need to measure expectations of the expected
present value of risk-free interest rates, housing premia, and rent
growth. Our strategy, which is common in the finance literature,
is to specify that households form expectations using a VAR with
fixed coefficients. We use the VAR to directly compute expected fu-
ture real risk-free rates and expected housing risk premia and then,
given the accounting identity that we document, identify expected
future rents as a residual given data on rent–price ratios. This
approach accounts for all of the observed variation in rent–price
ratios; it also facilitates comparisons of our results to results from
other asset markets (Bernanke and Kuttner, 2005; Campbell, 1991;
Campbell and Ammer, 1993; Shiller and Beltratti, 1992;
Vuolteenaho, 2002). With time-series estimates of the expected
real risk-free rate of interest, the expected risk premium to hous-
ing, and the expected growth rate of rents in hand, we use variance
decompositions to detail how each of these three components con-
tributed to the volatility of rent–price ratios over the 1975–2007
period.

We do not analyze data on the experience of individual housing
units. Rather, we perform our analysis on averages for owner-occu-
pied housing in each of 28 housing markets – 23 metropolitan, 4
regional, 1 national – at the semi-annual frequency from 1975 to
2007. As such, our unit of analysis can be thought of as ‘‘portfolios”
of individual houses. As we show, rent–price ratios were roughly
stable in most markets from 1975 to 1996, but declined precipi-
tously after 1997 in almost all of the markets we examine. Shiller
(2005) argues that the behavior of house prices since 1997 has no
precedent in the twentieth century. With this in mind, we conduct
separate variance decompositions of the 1975–1996, or ‘‘pre-
boom,” period, and the 1997–2007, or ‘‘boom,” period to ensure
that our conclusions are not driven exclusively by recent
experience.

We have two main findings that are largely robust to time per-
iod. First, we find that changes in expected future housing premia
are an important source of volatility in rent–price ratios. For exam-
ple, at the national level, variation in housing premia is the domi-
nant source of variation in rent–price ratios during the 1975–1996
period and an important source of variation during the 1997–2007
period. More generally, we find that time-varying premia are an
important feature of housing markets at the national, regional,
and metropolitan levels. Second, we find that the covariances be-
tween the three components dampen total volatility of rent–price
ratios. In particular, we find that expected future premia and rent
growth tend to be positively correlated and expected future real
risk-free rates and premia tend to be negatively correlated. The lat-
ter implies that, historically speaking, house prices have not fully
capitalized changes to expected future real risk-free rates.

While many features of housing markets seem to be fundamen-
tally different than those of stock and bond markets – for example,
search frictions may play an important role in the liquidity of any
given house (Wheaton, 1990) – we find important similarities be-
tween returns to housing markets and returns to financial assets
that have not been previously recognized. To start, housing returns
and returns to financial assets exhibit substantial variation in
premia over real rates. In terms of volatility, housing premia
contribute to housing valuations in much the same way as stock
and bond premia contribute to stock and bond valuations. Further,
our finding that expected future rent growth and premia tend to be
positively correlated is also consistent with Vuolteenaho’s (2002)
finding that expected future dividends and premia tend to be pos-
itively correlated at the firm-level.

To put our paper in context, we are the first to use the dynamic
Gordon growth model to study valuations of owner-occupied real
estate across a large number of geographic markets, and the first
to document the similarities of valuations in housing markets
and those of stock and bond markets. Previous authors
(Himmelberg et al., 2005) have used the static version of the Gor-
don growth model to study rent–price ratios in housing markets.
Recently, the dynamic version of the Gordon growth model has
been applied to study valuations in commercial real estate (Plazzi
et al., 2006) and to examine the linkages of money illusion and
house-price inflation in national rent–price ratios (Brunnermeier
and Julliard, 2008).

Our results and analysis have some important implications for
current analysis and policy. For example, many housing-market
analysts have argued that the run-up of house prices from 2002
to 2006 was the result of an unexpectedly low Federal Funds rate
(Taylor, 2007) or (related) a sharp decline in mortgage rates in
the early 2000s (Himmelberg et al., 2005). Additionally, some have
proposed reducing the rate of interest on a 30-year fixed rate mort-
gage for the purposes of stabilizing the level of house prices
(Hubbard and Mayer, 2008). Our finding that the expected net
present value of the risk premium for housing and the risk-free
rate of interest are negatively correlated implies that the link be-
tween the level of house prices and real interest rates is more com-
plex than these interpretations of history suggest. Indeed, our
results provide evidence that changes in risk-free interest rates
may not have done much to change housing valuations over the
1975–2007 period.

Recently, the Federal Open Market Committee (FOMC) an-
nounced in a press release dated March 18, 2009 that it will pur-
chase up to $1.25 trillion in mortgage backed securities in 2009
to ‘‘Provide greater support to mortgage lending and housing mar-
kets”.1 While this policy will likely improve the availability of cred-
it to home buyers, our results suggest that the effect of this policy
on the level of house prices is less clear.

The rest of this paper proceeds as follows. Section 2 describes
our implementation of the dynamic Gordon growth model and
Section 3 discusses the data. In Section 4, we outline the VAR mod-
el and report estimation results. Section 5 details the results of all
of our variance decompositions. In Section 6 we conclude and dis-
cuss directions for future research.

2. The Campbell–Shiller decomposition

Consider the one-period gross real return to housing

Ptþ1 þ Rtþ1

Pt
; ð1Þ

where P is the real price of housing and R is housing rents. We can
use the method of Campbell and Shiller (1988a,b) to rewrite this
gross return using a log-linear approximation that sets the log of
the rent–price ratio at date t; logðRt=PtÞ � rt � pt , equal to the ex-
pected net present value of all future (date t þ 1þ j for
j ¼ 0; . . . ;1) real rates of return to housing and real growth in hous-
ing rents,

http://www.federalreserve.gov/newsevents/press/monetary/20090318a.htm
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rt � pt ¼ kþ Et

X1
j¼0

qjutþ1þj �
X1
j¼0

qjDrtþ1þj

" #
q ¼ ð1þ er�pÞ�1

k ¼ ð1� qÞ�1½lnðqÞ þ ð1� qÞ lnð1=q� 1Þ�;

ð2Þ

where u is the log of the gross real return to housing, r is the log of
real housing rents, q is a discount factor related to the average of
the rent–price ratio (written as er�p), and k is a constant of lineari-
zation. If we define the return to housing, u, as the sum of a real
risk-free interest rate, i, and the per-period premium over that rate,
p ¼ u� i, then the log rent–price ratio can be rewritten as the sum
of three components related to the expected present value of future
real risk-free interest rates (hereafter called real interest rates),
housing premia, and rent growth,2

rt � pt ¼ kþ Et

X1
j¼0

qjitþ1þj þ Et

X1
j¼0

qjptþ1þj � Et

X1
j¼0

qjDrtþ1þj; ð3Þ

or

rt � pt ¼ kþIt þPt � Gt ; ð4Þ

where It ;Pt , and Gt represents households’ time-t expectation of
the present value of real interest rates, premia and rent growth:

It ¼ Et

X1
j¼0

qjitþ1þj

Pt ¼ Et

X1
j¼0

qjptþ1þj

Gt ¼ Et

X1
j¼0

qjDrtþ1þj:

ð5Þ

The representation of the rent–price ratio in Eq. (4) is the dy-
namic version of the classic Gordon growth model that was first
developed by Campbell and Shiller (1988a,b). Campbell and Shiller
used this framework to analyze the determinants of variability of
the dividend–price ratio in the aggregate stock market.3 Since then,
it has been applied to fixed-income markets by Shiller and Beltratti
(1992) and Campbell and Ammer (1993), to firm-level stock returns
by Vuolteenaho (2002), and to commercial real estate by Plazzi et al.
(2006).

In the field of real-estate finance, a well-studied version to Eq.
(4) expresses the level of the rent–price ratio as

Rt=Pt ¼ it þ p� gtþ1; ð6Þ

where it is some current real interest rate, p is an assumed con-
stant housing premium over this rate and gtþ1 is the expected cap-
ital gain or loss to housing over some future horizon. Versions of
this expression can be found in Cutts et al. (2005), Gallin (2008),
Himmelberg et al. (2005), Verbrugge (2008), and elsewhere. There
are three important differences between Eqs. (4) and (6). First, Eq.
(4) allows for a time-varying housing premium. Second, although
both equations recognize that prices are forward-looking, Eq. (4)
explicitly accounts for the dynamics of each component of the
rent–price ratio, while Eq. (6) combines all future considerations
into expected future capital gains. Third, as long as real interest
rates and housing premia are stationary, Eq. (4) ties appreciation
of house prices to growth in rents over the long-run, whereas
Eq. (6) does not.
2 In the rest of the paper, we drop the distinction between the rent–price ratio and
the log rent–price ratio when the context is clear.

3 In the classic Gordon growth model, growth rates and rates of return are constant,
such that R=P ¼ iþ p� Dr.
2.1. Implementing the dynamic Gordon growth model

Our strategy to implement Eq. (4) for the case of owner-
occupied housing is to use publicly available data on house prices,
rents, interest rates, and various macroeconomic variables to
construct time-series estimates of It ;Pt , and Gt . Following
Campbell (1991) and Campbell and Ammer (1993), we use a vector
autoregressive (VAR) approach to construct our estimates of these
expectations variables. Define

Zt ¼ ðit ;pt;Drt ; x0tÞ
0
; ð7Þ

where xt is a column vector that contains other variables (discussed
in more detail later in the paper) that are useful for predicting it ;pt ,
and Drt . For reasons discussed later, we specify that households as-
sume that Zt follows a first-order VAR, i.e.,

Zt ¼ AZt�1 þ et : ð8Þ

Given an estimate of A, denoted bA, our estimates of the present
values It ;Pt , and Gt are the first three elements ofbAðI � qbAÞ�1Zt ; ð9Þ

where I denotes the identity matrix. We denote the VAR-based esti-
mates of these three present values as bIt; bPt , and bGt , respectively.

The dynamic accounting identity in Eq. (4) implies that It ;Pt ,
and Gt fully describe the rent–price ratio up to a constant of line-
arization. However, if households do not literally form forecasts
according to the process specified by Eq. (8), our estimate of expec-
tations terms given by Eq. (9) will not match actual expectations
maintained by households. In this case, our predicted rent–price
ratio, defined by

drt � pt ¼ kþ bIt þ bPt � bGt ; ð10Þ

will differ from the actual rent–price ratio at each point in time,
which implicitly defines a discrepancy, et ,drt � pt ¼ rt � pt þ et : ð11Þ

In the rest of the paper, we call et the ‘‘forecast discrepancy,” in
the sense that our VAR model does not yield expectations that are
perfectly aligned with observed movements in the rent–price ratio
in accordance with Eq. (4).

Following the literature, we treat the present value of future
rent growth as a residual. That is, we relabel the quantity bGt þ et

as Et so that Eq. (11) has the form

rt � pt ¼ kþ bIt þ bPt � Et ; ð12Þ

Treating the forecast discrepancy this way yields the following
decomposition of the time-series variance of the rent–price ratio in
any given geographic area:

varðrt � ptÞ ¼ varð bItÞ þ varð bPtÞ þ varðEtÞ þ 2covð bIt; bPtÞ

� 2covð bIt;EtÞ � 2covð bPt;EtÞ ð13Þ

All elements of this decomposition related to Et are described in
the paper in terms of the contribution of ‘‘rent growth”.4

We also use variance decompositions to document how local
factors that are unrelated to aggregate movements and trends af-
fect variation in rent–price ratios. Define a variable with an asterisk
to be the difference between a variable and its national-level value.
With this notation, the ‘‘relative” rent–price ratio is defined as
4 Of course, we could have used the VAR to construct estimates for G and combined
the forecast discrepancy with bIt or bPt , or even leave the discrepancy as its own
component. We choose to combine et with bGt so our results are directly comparable
with the existing finance literature.



Table 1
Summary data on rent–price ratios, 1975–2007.

Date of first
observation (1)

Rent–price ratio, Ann. Pct.

Initial 1996:H2 2007:H2
(2) (3) (4)

USA 1975:H1 5.53 4.97 3.75

Midwest 1978:H1 4.95 5.06 3.96
Chicago 1975:H2 5.68 4.63 3.43
Cincinnati 1976:H1 4.99 4.76 4.12
Cleveland 1975:H2 6.03 4.97 4.78
Detroit 1976:H2 6.66 4.98 4.45

S.D. Campbell et al. / Journal of Urban Economics 66 (2009) 90–102 93
r�t � p�t ¼ rt � pt � rUS
t � pUS

t

� �
¼ bP�

t � E�tbP�
t ¼ bPt � bPUS

t

E�t ¼ Et � EUS
t :

ð14Þ

Note that we have imposed that the expected present value of
real interest rates in any geographic market, bIt , is the same as in
the aggregate, bIUS

t .5 The variance decomposition on the relative
rent–price ratio is simply

var r�t � p�t
� �

¼ var bP�
t

� �
þ var E�t

� �
� 2cov bP�

t ;E
�
t

� �
: ð15Þ
Kansas City 1976:H1 5.78 5.85 4.84
Milwaukee 1977:H1 5.01 5.04 3.48
Minneapolis 1976:H1 6.86 6.21 3.92
St. Louis 1975:H2 6.58 5.67 4.11

Northeast 1978:H1 5.95 4.76 3.18
Boston 1978:H1 6.74 4.15 2.68
New York 1976:H1 6.51 3.98 2.35
Philadelphia 1976:H1 5.91 5.39 3.53
Pittsburgh 1976:H2 5.68 5.48 4.56

South 1978:H1 5.21 5.55 4.16
Atlanta 1976:H2 5.81 5.92 4.35
Dallas 1976:H1 5.69 6.45 5.24
Houston 1976:H1 5.69 7.33 5.60
Miami 1978:H1 6.64 5.70 2.78

West 1978:H1 4.34 4.32 2.69
Denver 1976:H2 8.22 6.32 4.74
Honolulu 1977:H1 4.59 3.19 1.98
Los Angeles 1975:H1 6.06 4.23 2.13
Portland 1976:H1 7.17 4.93 2.94
San Diego 1976:H1 5.94 4.75 2.85
San Francisco 1975:H2 6.70 4.20 2.27
Seattle 1975:H2 8.77 5.16 2.94

Metro median 6.03 5.04 3.53

Column (1) lists the date of the initial observation in each housing market.
Columns (2)–(4) list the annualized rent–price ratio, reported as a percentage, in
each housing market at the initial observation date, 1996:H2, and 2007:H2. The
median rent–price ratio across the metropolitan markets is reported in the final
row.
3. Data

3.1. House prices and rents

The complete set of data we use in our study is available
for download at http://www.morris.marginalq.com/whatmoves.
html.

For prices, we measure changes to the price of owner-occupied
housing using the repeat-transactions house price index pub-
lished by the Federal Housing Finance Agency (FHFA). For rents,
like Case and Shiller (1989) and other studies, we assume that
the growth rate of rents paid by renters is identical to the growth
rate of rents accruing to owner–occupiers. Any trends in the im-
plicit rental price of owner-occupied housing that are not cap-
tured by trends in the explicit rental price of tenant-occupied
housing will affect our analysis and conclusions, and our results
should be interpreted with this caveat in mind. Data on the
growth rate of rents paid by renters are reported by the Bureau
of Labor Statistics (BLS) for 23 separate metropolitan markets,
the four Census regions, and the nation.6 Note that the region-le-
vel rent indexes are not simple averages of the component metro-
politan markets in our analysis: the BLS collects rent data for over
80 metro markets and uses those data for regional and national
estimates, but only publishes metro-area indexes for selected mar-
kets. Because the BLS data are reported at a semi-annual frequency
for several markets, we conduct all our analysis at this frequency.
Where needed, we average quarterly readings to convert to a
semi-annual frequency.

For each market, we convert the nominal growth rate of rents
and prices to real growth rates by deflating each local-area BLS
and FHFA index using the national CPI excluding shelter. We then
use micro data from the 2000 Decennial Census of Housing (DCH)
to benchmark the level of the rent–price ratio in 2000, employing a
procedure described by Davis et al. (2008). This benchmarking is
required to obtain values for q and k in Eq. (2) for each MSA. Sum-
marizing our benchmarking procedure: for each MSA we regress
gross rents paid by renters on a set of housing characteristics;
we use the resulting regression coefficients to predict the rental
value of all owned units in the MSA; and, we set the rent–price ra-
tio equal to the average imputed rent of owned units divided by
the average value of these units. Note that the results we report
are not sensitive to small changes in the benchmarked levels of
rent–price ratios.

Given our use of metro-area rental and house price indexes, we
wish to make clear that we are not studying the returns to owning
any given house in a given geographic area. Rather, given the data
5 Although the real interest rate is identical across markets, its expected presen
value depends on the discount factor q, which varies by location. However, the cross-
sectional variation in q is small enough that the error caused by this approximation is
unimportant.

6 Across our 23 metropolitan areas, the median of the correlation of the real growth
rates of the BLS tenant rent index, the rent index used in this study, and the BLS owner
equivalent rent index is 0.90.
t

we use in this study, we are studying the rent–price ratio, rents,
prices and returns for a portfolio of homes in each geographic area.
The returns to owning any given house in one of the geographic
areas we study is likely to be much more volatile than we report:
see, for example, Case and Shiller (1989), Quigley and Van Order
(1995), Deng et al. (2000) and Flavin and Yamashita (2002).

Column 1 of Table 1 lists our sample’s beginning date, which
varies by market according to data availability; the end date of
the sample is 2007:H2 for all markets. Columns 2 through 4 display
the value of the rent–price ratio, Rt=Pt , at the beginning of the sam-
ple, in 1996:H2, and at the end of the sample for each of the 28
markets we study. The rent–price ratio is graphed in Fig. 1 for
the nation and the four Census regions.

3.2. Real interest rates

For the benchmark real interest rate i, we use an estimate of the
ex-ante real expected yield on a 10-year US Treasury bond. We use
this particular measure because, on average, households move
every 9 years and mortgages are usually prepaid after 10 years,
and further, the use of this interest rate facilitates comparisons
of our results with other recent studies of the returns to housing:
for example, see Cutts et al. (2005), Gallin (2008), Himmelberg
et al. (2005) and Meese and Wallace (1994). We define the real rate
as the nominal 10-year Treasury yield less the median reading of
10-year inflation expectations from professional forecasters. This
inflation reading is taken from the Blue Chip Economic Indicator
forecast for the 1975:H1 to 1991:H1 period and from the Living-
ston survey from 1991:H2 to the end of the sample. Our estimates

http://www.morris.marginalq.com/whatmoves.html
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Fig. 1. The rent–price ratio for the Midwest, Northeast, South, and West Census regions are plotted as dashed lines and the rent–price ratio for the USA is plotted as a solid
line. The house price data are from FHFA and the rent data are from the BLS. To fix the level of the rent–price ratio in 2000 in each series, the price and rent data are
benchmarked to micro data from the 2000 Decennial Census of Housing (DCH). See the paper for details.
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of housing premia are therefore relative to the real yield on a 10-
year Treasury.

3.3. Housing returns and premia

For each of the 28 markets in our sample, the real return to
owner-occupied housing (for a portfolio of homes in each market,
as mentioned earlier) is computed as

ut ¼
Rt þ Pt � Pt�1

Pt�1
: ð16Þ

The excess return or premium to housing paid above the real
10-year Treasury is computed as

pt ¼ ut � it : ð17Þ

In these equations, Rt is the real (inflation-adjusted) rent accru-
ing to homeowners between t � 1 and t; Pt is the real price of hous-
ing at time t, and it is the real yield on the 10-year Treasury bond as
of time t. Note that we do not adjust returns for depreciation or for
taxes.7

In Table 2 we list the sample mean (‘‘Avg.”), standard deviation
(‘‘SD”), and autocorrelation coefficient ðqÞ for the annualized real
growth rate of rents (columns 1–3), annualized real housing
returns (4–6), and annualized excess returns (7–9) for our
7 Allowing for depreciation expenses would shift the average level of returns and
thus the discount factor in each geographic area, but would not affect any of our main
results. We do not account for taxes at the household level (that is, we study pre-tax
returns) so our results are comparable to those in the finance literature.
28 housing markets over the entire 1975–2007 sample. The auto-
correlation coefficient is computed from a regression of each
semi-annual variable on its first lag. Shown in columns 4 and 7,
real housing returns in the aggregate averaged 6.5% per year and
excess returns averaged about 3% over our full sample. Across
our metropolitan areas, average real housing returns range from
5.4% (Cincinnati) to almost 10% (Seattle).

Shown in columns 5 and 8, the standard deviations of real and
excess housing returns vary from about 2.5% to 7.0% per year,8

depending on the market and whether the total or excess return is
considered. Excess returns tend to be more variable than total
returns everywhere, and the returns of larger and more geographi-
cally diverse markets such as the nation and the four Census regions
tend to be less volatile than returns of individual metro markets.
Real housing returns are typically 1-1/2 to 3 times more volatile than
rent growth, computed as column 5 divided by column 2. This ratio
is less than half that of US equities; total returns for the S&P 500
were roughly 5-1/2 times more volatile than dividend growth over
the 1975–2007 period. In general, the first-order autocorrelation of
real rent growth (column 3) and housing returns (columns 6 and
9) are of the same order of magnitude, on average about 0.6. The per-
sistence of real and excess returns is high relative to the returns on
other assets such as stocks and bonds, but is in line with the original
findings of Case and Shiller (1989) who document similar patterns in
the returns to housing in four major metro markets (Atlanta,
Chicago, Dallas, and San Francisco) over the 1970–1986 period.
8 We exclude Honolulu, an obvious outlier, from this calculation.



Table 2
Summary data on the annualized real growth rate of rents Drt , the real annualized return to housing ut , and the excess return to housing pt – the average, standard deviation, and
autocorrelation coefficient ðqÞ, 1975–2007.

Drt ut pt

Avg. SD q Avg. SD q Avg. SD q
(1) (2) (3) (4) (5) (6) (7) (8) (9)

USA 0.42 1.33 0.58 6.47 2.48 0.65 2.99 3.13 0.74

Midwest �0.08 1.32 0.63 5.73 2.55 0.71 2.08 3.18 0.75
Chicago 0.49 1.64 0.48 6.82 3.72 0.64 3.32 4.20 0.69
Cincinnati �0.06 1.53 0.34 5.36 2.60 0.70 1.84 3.22 0.76
Cleveland �0.14 1.72 0.42 5.88 3.38 0.63 2.37 3.93 0.67
Detroit �0.12 1.68 0.47 6.81 5.07 0.58 3.26 5.44 0.63
Kansas City -0.02 1.89 0.58 6.23 3.14 0.37 2.71 3.74 0.54
Milwaukee �0.16 1.79 0.33 6.09 3.32 0.59 2.50 4.00 0.66
Minneapolis 0.11 1.87 0.45 7.95 3.57 0.46 4.43 4.12 0.58
St. Louis �0.19 1.46 0.51 6.96 4.04 0.10 3.45 4.51 0.24

Northeast 0.80 1.68 0.69 7.50 5.12 0.75 3.85 5.24 0.73
Boston 1.03 2.37 0.71 8.39 6.46 0.79 4.75 6.38 0.76
New York 0.80 1.72 0.68 8.15 5.65 0.74 4.63 5.72 0.73
Philadelphia 0.53 1.85 0.62 7.48 4.20 0.70 3.95 4.48 0.70
Pittsburgh �0.17 1.86 0.35 6.12 3.16 0.64 2.57 3.69 0.68

South 0.15 1.31 0.55 6.16 2.15 0.53 2.52 2.90 0.69
Atlanta 0.22 2.37 0.63 6.62 2.34 0.48 3.07 2.66 0.58
Dallas 0.03 2.21 0.67 6.08 3.99 0.25 2.55 4.42 0.36
Houston �0.37 2.80 0.59 6.00 4.10 0.43 2.48 4.68 0.56
Miami 0.50 2.13 0.27 9.04 5.66 0.18 5.39 6.30 0.35

West 0.91 1.52 0.48 6.77 3.26 0.65 3.13 3.94 0.72
Denver 0.26 2.52 0.63 8.45 4.25 0.75 4.90 4.70 0.78
Honolulu 0.69 2.37 0.41 7.66 13.87 �0.32 4.08 13.89 �0.30
Los Angeles 1.32 1.88 0.60 8.66 6.50 0.82 5.17 7.00 0.83
Portland 0.12 1.63 0.57 8.70 5.09 0.40 5.18 5.71 0.50
San Diego 1.36 2.45 0.71 8.34 6.36 0.77 4.82 6.81 0.79
San Francisco 1.37 2.48 0.58 9.05 6.01 0.81 5.55 6.38 0.81
Seattle 0.78 2.03 0.60 9.95 5.46 0.58 6.45 5.96 0.64

Metro median 0.22 1.88 0.58 7.48 4.20 0.59 3.95 4.68 0.66

We report the sample average (Avg.), standard deviation (SD), and first-order autocorrelation coefficient ðqÞ of the annualized real growth rate of rents, Drt , in columns (1)–
(3), the return to housing, ut , in columns (4)–(6) and the housing premium, pt ¼ ut � it , in columns (7)–(9) for each market over the 1975:H1-2007:H2 period. q is computed
from a regression of the reported variable on its first lag. The median sample statistic across the metropolitan markets is reported in the final row.

9 The AIC and BIC lag length criteria (not shown) also select a first-order model in
many of our markets.

10 In all of the forecasts we use the second lag, rather than the first lag, of the
macroeconomic condition variables: DYt�2;DLt�2, and DNt�2. As noted earlier, these
data are observed at the annual frequency and are assumed to be constant throughou
the year. Thus, once these variables are converted to the semi-annual frequency, the
second lag is used in the regression to ensure that macroeconomic conditions data
from year y� 1 are always used to forecast variables in year y.

11 Of course, we could have specified that regional-level or nearby metropolitan-
level variables also forecast local premia and rent growth, but allowing for this
richness in the model would result in a large reduction in degrees of freedom relative
to the sample size.

S.D. Campbell et al. / Journal of Urban Economics 66 (2009) 90–102 95
3.4. Macroeconomic conditions

Columns 1-9 of Table 3 list means, standard deviations, and
first-order autocorrelation coefficients of real per-capita income
growth ðDYtÞ, employment growth ðDLtÞ, and population growth
ðDNtÞ. We include these variables in the vector xt of Eq. (7) to help
forecast real rates, housing premia, and rent growth. The Bureau of
Economic Analysis (BEA) publishes these data at an annual fre-
quency. We convert each of these variables to a semi-annual fre-
quency by assuming each variable is constant throughout the
calendar year. The reported autocorrelation coefficient is com-
puted from a regression of the generated semi-annual variable
on its second lag. Comparing Tables 2 and 3, the standard deviation
of income and employment growth (columns 2 and 5 of Table 3)
are similar to that of rent growth (column 2 of Table 2), and smaller
than that of housing premia (column 5 of Table 2). Perhaps not sur-
prisingly, population growth (column 8 of Table 3), is considerably
less variable than either income growth or employment growth.
The autocorrelation coefficients of these macroeconomic variables
(columns 3, 6, and 9 of Table 3) are rather uniform across our 28
markets.

4. Specification and estimates of the VAR

A separate first-order VAR corresponding to Eq. (8) is estimated
for each of the 28 housing markets in our sample. Parsimony moti-
vates our choice of a first-order specification since, with semi-an-
nual data spanning 33 years, we have at most 66 observations
with which to estimate coefficients.9 For each market, the forecast-
ing equations for it ;Drt , and pt are

it ¼ d0 þ dDrDrUS
t�1 þ dppUS

t�1 þ diit�1 þ dDYDYUS
t�2 þ dDLDLUS

t�2

þ dDNDNUS
t�2 þ ei

t ð18Þ
Drt ¼ c0 þ cDrDrt�1 þ cppt�1 þ ciit�1 þ cDYDYt�2 þ cDLDLt�2

þ cDNDNt�2 þ eDr
t ð19Þ

pt ¼ b0 þ bDrDrt�1 þ bppt�1 þ biit�1 þ bDY Yt�2 þ bDLDLt�2

þ bDNDNt�2 þ ep
t ; ð20Þ

where the US superscript refers to a national-level variable and local
variables lack a superscript.

Shown in Eq. (18), our specification assumes that the real inter-
est rate depends on only on national-level variables.10 In contrast,
all variables used in forecasting rent growth and premia are
measured at the local market level, except the real interest rate.11
t



Table 3
Summary data on real per-capita income growth DYt , employment growth DLt , and population growth DNt – the average, standard deviation, and autocorrelation coefficient ðqÞ,
1975–2007.

DYt DLt DNt

Avg. SD q Avg. SD q Avg. SD q
(1) (2) (3) (4) (5) (6) (7) (8) (9)

USA 1.77 1.70 0.54 1.82 1.28 0.62 1.05 0.20 0.93

Midwest 1.39 1.92 0.45 1.21 1.43 0.71 0.43 0.43 0.94
Chicago 1.70 2.02 0.39 0.97 1.72 0.61 0.54 0.60 0.94
Cincinnati 1.79 1.86 0.54 1.63 1.90 0.78 0.72 0.38 0.80
Cleveland 1.55 2.00 0.52 0.52 1.87 0.69 �0.12 0.52 0.91
Detroit 1.34 2.96 0.67 0.59 2.94 0.73 0.13 0.77 0.87
Kansas City 1.64 1.94 0.63 1.61 1.85 0.73 0.95 0.44 0.71
Milwaukee 1.56 1.82 0.56 0.96 2.07 0.71 0.34 0.53 0.85
Minneapolis 2.01 2.07 0.56 2.09 1.95 0.72 1.31 0.51 0.82
St. Louis 1.77 1.77 0.43 1.14 1.64 0.59 0.38 0.36 0.83

Northeast 2.03 1.93 0.66 1.20 1.33 0.74 0.41 0.30 0.88
Boston 2.36 2.44 0.71 1.10 2.29 0.80 0.53 0.45 0.84
New York 2.21 2.21 0.63 0.85 1.59 0.77 0.40 0.59 0.93
Philadelphia 2.00 1.65 0.54 0.98 1.42 0.71 0.34 0.39 0.86
Pittsburgh 1.82 1.50 0.60 0.43 1.65 0.74 �0.43 0.52 0.89

South 1.82 1.51 0.40 2.24 1.13 0.64 1.55 0.42 0.90
Atlanta 1.72 2.48 0.73 3.08 2.34 0.80 2.81 0.70 0.82
Dallas 1.84 2.29 0.61 2.93 2.34 0.78 2.57 0.91 0.79
Houston 1.96 2.82 0.54 2.49 3.07 0.73 2.37 1.97 0.85
Miami 1.72 1.98 0.47 2.58 2.00 0.69 2.03 1.25 0.93

West 1.44 1.87 0.61 2.25 1.53 0.74 1.73 0.55 0.93
Denver 1.91 2.09 0.63 2.48 2.23 0.79 2.03 1.28 0.89
Honolulu 1.45 2.05 0.66 1.12 1.66 0.79 0.72 0.90 0.74
Los Angeles 1.36 2.17 0.64 1.80 2.48 0.76 1.60 0.98 0.94
Portland 1.47 2.02 0.61 2.48 2.56 0.79 1.88 1.12 0.87
San Diego 2.00 2.31 0.62 2.65 2.40 0.87 1.91 1.67 0.86
San Francisco 2.26 3.24 0.52 1.65 2.48 0.81 1.12 0.80 0.89
Seattle 2.09 2.35 0.45 2.79 2.41 0.82 1.91 1.18 0.85

Metro median 1.79 2.07 0.60 1.63 2.07 0.76 0.95 0.70 0.86

We report the the sample average (Avg.), standard deviation (SD), and autocorrelation coefficient ðqÞ of the annualized growth rate of real income, DYt , in columns (1)–(3),
employment growth, DLt , in columns (4)–(6) and population growth, DNt , in columns (7)–(9) for each market over the 1975–2007 period. q is computed from a regression of
the reported variable on its second lag. The median sample statistic across the metropolitan markets is reported in the final row.

2 The independent variables appearing in Eqs. (18)–(20) are not identical and thus
e SUR estimator is not equivalent to equation-by-equation OLS.
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The VAR is closed by specifying a law of motion for national level
rent growth and premia as well as local and national income growth,
employment growth, and population growth, DrUS

t ;pUS
t ;DYt;DLt ;

�
DNt ;DYUS

t ;DLUS
t ;DNUS

t Þ. We specify that each of these variables de-
pends on one lag of the real rate, rent growth, premia, income
growth, employment growth and population growth; also, local
macroeconomic variables are specified to depend only on lags of lo-
cal variables and national macroeconomic variables are specified to
depend only on lags of national variables.

We estimate each VAR as a SUR system and the estimation re-
sults are summarized in the three panels of Table 4. Top to bottom,
the panels summarize the results of the forecasting equations for
the real interest rate, Eq. (18), real rent growth, Eq. (19), and hous-
ing premia, Eq. (20). Rather than report the point estimates for
every equation and market, in columns 1–6 we report the 25th
percentile, median, and 75th percentile of each point estimate
across markets. Column 7 lists the 25th percentile, median, and
75th percentile of the p-values from Wald tests that none of the in-
cluded variables forecast the corresponding dependent variable.
Column 8 summarizes the distribution of p-values from Wald tests
that none of the included macroeconomic variables forecast the
corresponding dependent variables, and columns 9–11 summarize
the distribution of adjusted R2s (hereafter R2) over the full sample,
the pre-boom period (1975–1996), and the recent boom period
(1997–2007). All R2s are computed using parameter estimates
from the full sample, implying that sub-sample R2s need not be po-
sitive. In the bottom row of each panel we report the fraction of
times, across the 28 markets, that the parameter estimate or model
statistic reported in columns 1–8 is significant at the 5% level. In
the case of the coefficient estimates, the significance level is com-
puted using a Wald test that the estimate is zero.

We now turn to the results of the real rate forecasting equation
(top panel). The specification of the real rate forecast is identical in
each of the 28 markets. Accordingly, differences in estimated
parameters and model statistics result either from differences in
the available sample period in each market or differences in the
manner in which the other included equations of the VAR influence
the SUR estimator.12 As expected, the distribution of parameter esti-
mates and model statistics reported in columns 1–8 is narrow.

The Wald test of no predictability and the R2 both strongly indi-
cate that real rates are predictable. In all cases, we estimate a sig-
nificant degree of persistence in real rates, and the median
coefficient estimate on the lagged real rate is 0.99. This evidence
is consistent with Rose (1988) and Rapach and Wohar (2004)
who also report that real interest rates are quite persistent. Be-
cause the distribution of coefficients on other included variables
is tightly clustered around zero, our estimated model for forecast-
ing the real rate of interest closely resembles a simple AR(1) spec-
ification with a large autoregressive coefficient.

Shown in the middle panel of Table 4, rental growth also ap-
pears quite predictable in each of the 28 housing markets in our
sample. The Wald test of no predictability (column 7) is rejected
at or below the 5% level in almost every market, and the inter-
quartile range of the full sample R2 runs between 25% and 45% .
1

th



Table 4
Summary of VAR estimation results.

Dependent variable Coefficient estimates on p-value, Wald tests R2

Drt�1 pt�1 it�1 DYt�1 DLt�1 DNt�1 All vars Macro only 75–07 75–96 97–07
(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)

it 25th Percentile �0.13 0.03 0.98 �0.05 �0.02 �0.09 0.00 0.26 0.81 0.75 0.45
Median �0.11 0.03 0.99 �0.05 0.00 0.01 0.00 0.38 0.82 0.77 0.54
75th Percentile �0.10 0.05 1.02 �0.03 0.02 0.09 0.00 0.54 0.82 0.78 0.56
Fraction of 28 markets
significant at 5%

0.39 0.04 1.00 0.04 0.00 0.00 1.00 0.00 NA NA NA

Drt 25th Percentile 0.22 0.02 0.30 0.04 �0.09 0.03 0.00 0.02 0.25 0.20 �0.16
Median 0.28 0.05 0.36 0.10 �0.06 0.29 0.00 0.13 0.39 0.37 �0.04
75th Percentile 0.41 0.08 0.55 0.16 0.02 0.52 0.00 0.43 0.45 0.50 0.28
Fraction of 28 markets
significant at 5%

0.75 0.14 0.61 0.25 0.11 0.21 0.96 0.39 NA NA NA

pt 25th Percentile 0.00 0.13 �1.47 0.11 �0.17 �0.82 0.00 0.07 0.47 0.35 �0.31
Median 0.29 0.46 �0.78 0.26 �0.03 0.19 0.00 0.25 0.52 0.46 0.10
75th Percentile 0.50 0.54 �0.30 0.41 0.13 0.58 0.00 0.37 0.59 0.54 0.34
Fraction of 28 markets
significant at 5%

0.29 0.82 0.43 0.36 0.04 0.07 1.00 0.25 NA NA NA

In this table, we summarize the results of the real rate, it , real rent growth, Drt , and premia, pt , forecasting models. Columns (1)–(6) summarize the estimated coefficients
from the VAR. Columns (7)–(8) summarize the results of the Wald test that none of the included regressors forecast the dependent variable (column 7), and the Wald test that
none of the included macroeconomic variables, ðDYt ;DLt ;DNtÞ, forecast the dependent variable. Columns (9)–(11) summarize the fit of the forecasting model by reporting the
in-sample R2 over the full sample, column (9), the 1975–1996 sample, column (10), and the 1997–2007 sample, column (11).
The results of the real rate forecasting model, it ¼ d0 þ dDrDrUS

t�1 þ dppUS
t�1 þ di it�1 þ dDYDYUS

t�2 þ dDLDLUS
t�2 þ dDNDNUS

t�2 þ ei
t , are summarized in the top panel. The results of the

real rent growth forecasting model, Drt ¼ c0 þ cDrDrt�1 þ cppt�1 þ ci it�1 þ cDYDYt�2 þ cDLDLt�2 þ cDNDNt�2 þ eDr
t , are summarized in the middle panel. The results of the

housing premia forecasting model, pt ¼ b0 þ bDrDrt�1 þ bppt�1 þ bi it�1 þ bDY Yt�2 þ bDLDLt�2 þ bDNDNt�2 þ ep
t , are summarized in the bottom panel.

The first three rows of each panel display the 25th;50th and 75th percentile of the empirical distribution of the VAR coefficients and test statistics across the 28 housing
markets in our sample. The fourth row of each panel reports the fraction of markets in which the associated coefficient estimate or test statistic is significant at or below the
5% level.
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Fig. 2. In the top panel, we graph the actual (rt � pt , sold line) and forecasted
( drt � pt , dashed line) log rent–price ratio for the USA. In the bottom panel, we show
the forecast discrepancy resulting from differencing the actual and forecasted log
rent–price ratios that are graphed in the corresponding top panel. A solid line is
imposed at 1996:H2 for reference.
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As the sub-sample R2 measures indicate, the degree of in-sample fit
is different in the pre- and post-boom periods. Shown by the row
marked ‘‘Fraction of Metro Areas Significant at 5%,” lagged real
rates and rent growth significantly predict future rent growth.
The local macro variables significantly forecast rent growth in
about 40% of markets (column 8), suggesting that local economic
factors are sometimes important determinants of future rent
growth.

Finally, shown in the bottom panel of Table 4, we find that
housing premia are predictable in every one of the 28 markets in-
cluded in our study. Specifically, the Wald test of no predictability
is rejected at or below the 5% significance level in every market;
the median full-sample R2 is roughly 50% and the inter-quartile
range of the full sample R2 runs from 47% to 59%. The lagged hous-
ing premium is a significant predictor of future housing premia in
over 80% of the markets in our sample, results that are qualitatively
similar to those of Case and Shiller. One important difference be-
tween our results and Case and Shiller’s is that we find that in
25% of our metro areas, local macroeconomic variables such as
lagged rent growth and lagged income growth also appear to pre-
dict future premia, but that lagged premia have predictive power
even after including these other variables.

The sub-sample R2 of the forecasting model for housing premia
is much lower during the 1997–2007 period than in the 1975–
1996 period, and in many cases is negative. The model typically
under-predicts recent housing premia largely because these pre-
mia became much more persistent during the boom. In other
words, the poor in-sample fit during the 1997–2007 period results
from imputing too little predictability to future premia. In what
follows, we discuss the consequences of the forecasting model’s
inability to track premia over the boom period for our variance
decompositions.

5. Decomposing the variability of rent–price ratios

The results of the previous section show that real rates, rental
growth, and housing premia exhibit significant predictable
variation. In this section, we examine how our estimates of
changes to expectations of each of these components determines
the overall volatility of rent–price ratios.



Table 5
Variance decomposition of the rent–price ratio, 1975–1996.

Variance Variance shares Covariance shares

r � p dr� p bIt bPt Et ð bIt ; bPtÞ ð bIt ;EtÞ ð bPt ;EtÞ
(1) (2) (3) (4) (5) (6) (7) (8)

USA 0.04 0.04 0.95 2.51 1.04 �2.27 �0.36 �0.87

Midwest 0.05 0.06 0.81 4.34 2.43 �2.81 1.86 �5.63
Chicago 0.07 0.08 0.45 0.63 0.47 �0.73 0.32 �0.14
Cincinnati 0.06 0.03 0.62 0.92 0.80 �1.26 0.60 �0.67
Cleveland 0.07 0.03 0.46 0.39 0.97 �0.52 �0.12 �0.18
Detroit 0.11 0.11 0.13 1.50 1.78 �0.48 0.07 �1.99
Kansas City 0.08 0.06 0.27 0.70 0.93 �0.82 0.33 �0.41
Milwaukee 0.10 0.08 0.21 0.78 0.87 �0.63 0.40 �0.63
Minneapolis 0.06 0.04 0.40 0.91 1.13 �1.16 0.27 �0.56
St. Louis 0.06 0.03 0.67 1.36 1.15 �1.74 1.08 �1.52

Northeast 0.14 0.18 0.14 1.99 2.37 0.47 �0.58 �3.40
Boston 0.18 0.17 0.05 1.39 1.77 0.28 �0.22 �2.27
New York 0.24 0.15 0.07 0.53 2.37 0.23 �0.43 �1.78
Philadelphia 0.10 0.07 0.35 1.14 2.88 0.47 �1.02 �2.82
Pittsburgh 0.07 0.03 0.36 0.31 0.50 0.03 �0.07 �0.14

South 0.04 0.04 0.84 1.84 0.98 �2.45 0.31 �0.52
Atlanta 0.03 0.03 1.78 3.56 1.57 �4.01 �0.58 �1.32
Dallas 0.09 0.06 0.30 1.70 0.98 �1.33 0.45 �1.10
Houston 0.11 0.07 0.14 1.08 1.11 �0.72 0.39 �0.99
Miami 0.04 0.12 0.84 8.06 5.82 �2.22 0.82 �12.32

West 0.06 0.10 0.79 3.29 1.65 �3.04 1.62 �3.31
Denver 0.06 0.07 0.43 4.76 4.70 �2.05 0.71 �7.57
Honolulu 0.19 0.06 0.19 0.34 1.01 �0.25 0.19 �0.48
Los Angeles 0.15 0.23 0.13 3.32 2.83 �0.57 0.17 �4.89
Portland 0.11 0.05 0.14 0.73 1.06 �0.60 0.33 �0.66
San Diego 0.11 0.16 0.15 2.89 1.43 �0.72 0.19 �2.94
San Francisco 0.16 0.13 0.09 0.80 0.90 �0.39 0.03 �0.43
Seattle 0.14 0.05 0.09 0.79 1.02 �0.50 0.11 �0.51

Metro median 0.10 0.07 0.27 0.92 1.11 �0.63 0.19 �0.99

In this table, we report the results of the variance decomposition defined by Eq. (13), varðrt � ptÞ ¼ varð bItÞ þ varð bPtÞ þ varðEtÞ þ 2covð bIt ; bPtÞ � 2covð bIt ;EtÞ�
2covð bPt ;EtÞ, over the 1975–1996 period.
Column (1) reports the variance of the observed log rent–price ratio, rt � pt . Column (2) reports the variance of the predicted log rent–price ratio implied by the VAR, drt � pt .
The results of the variance decomposition are reported in columns (3)–(8). Columns (3)–(5) report the share of the variance in the rent–price ratio accounted for by variation
in expected future real rates, varð bItÞ, expected future premia, varð bPtÞ, and expected future rent growth, varðEtÞ. Columns (6)–(8) report the share of the variance in the
rent–price ratio accounted for by the covariance between expected future real rates and premia, 2covð bIt ; bPtÞ, expected future real rates and rent growth, �2covð bIt ;EtÞ, and
expected future premia and rent growth, �2covð bPt ;EtÞ.
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Before discussing the details of the variance decompositions we
briefly summarize the behavior of the VAR model’s ability to track
the broad movements in the rent–price ratio over the sample per-
iod, 1975–2007. We focus our discussion on the national level re-
sults, but the results of the regional and metropolitan markets are
qualitatively similar.

In the upper panel of Fig. 2, we plot the log of the rent–price ra-
tio computed from the national VAR, drt � pt , as a dashed line and
the actual log of the national rent–price ratio, rt � pt , as a solid line
over the entire 1975–2007 period. In the lower panel we display
the forecast discrepancy, et . For clarity, we plot a solid vertical line
at 1996:H2 in both the top and bottom panels. Prior to 1996:H2,
the VAR-computed rent–price ratio seems to capture low fre-
quency boom-bust movements in the actual rent–price ratio in
the sense that the local peaks and troughs of both series are simi-
lar. Recall that the VAR is not constructed with the explicit goal of
fitting the historical rent–price ratio. Rather the VAR is constructed
to fit historical patterns of real rates, risk premia, and rental
growth. It just so happens that when we construct a rent–price ra-
tio given the VAR-based estimates (the ‘‘VAR-computed rent–price
ratio”), it matches low-frequency movements in the actual rent–
price ratio.13 After 1996:H2, however, the two series diverge
13 In Table 5, we show that for the median metro area, the variance of the VAR-
computed rent–price ratio is equal to 70% of the variance of the actual rent–price ratio
over the 1975–1996 period.
remarkably. The estimated rent–price ratio rises slightly whereas
the actual rent–price ratio declines by a considerable amount.

The fact that the VAR-computed rent–price ratio does not track
the decline in the actual rent–price ratio is evident in the plot of
the forecast discrepancy in the bottom panel. It is not completely
surprising that the VAR model proves inadequate in this respect.
One reason for the miss is the unprecedented decline in the ratio.
A more fundamental reason involves the covariance of real interest
rates and risk-premia. Himmelberg et al. (2005) attribute much of
the housing boom to a decline in real interest rates. However, in
the next section we will show that prior to 1996, movements in
real rates have been accompanied by opposite movements in hous-
ing risk-premia such that, on net, changes to real interest rates
have not been accompanied by large changes in housing valua-
tions. Explaining the recent housing boom (and the subsequent
bust) is beyond the scope of this paper. However, it is worth noting
that our results suggest that either expectations about future con-
ditions were not consistent with history or the covariance struc-
ture of real rates and housing risk-premia have changed. Such
changes could have been brought about by changes in lending
standards (Dell’Arriccia et al., 2008; Keys et al., 2009) or by other
factors.

5.1. Sources of rent–price ratio variability: 1975–1996

Table 5 displays the results of the variance decompositions for
the 28 housing markets in our sample over the 1975–1996 period.



Table 6
Variance decomposition of the rent–price ratio, 1997–2007.

Variance Variance shares Covariance shares

r � p dr� p bIt bPt Et ð bIt ; bPtÞ ð bIt ;EtÞ ð bPt ;EtÞ
(1) (2) (3) (4) (5) (6) (7) (8)

USA 0.11 0.03 0.09 0.22 1.15 �0.26 0.48 �0.67

Midwest 0.09 0.03 0.03 0.34 0.35 �0.11 �0.09 0.48
Chicago 0.12 0.06 0.04 0.13 0.94 �0.11 0.25 �0.25
Cincinnati 0.05 0.02 0.39 0.31 0.32 �0.27 0.36 �0.11
Cleveland 0.03 0.02 1.90 0.83 1.14 0.27 �2.22 �0.93
Detroit 0.07 0.09 0.16 2.00 1.81 0.82 �0.73 �3.06
Kansas City 0.07 0.05 0.38 0.62 0.98 �0.89 1.06 �1.14
Milwaukee 0.13 0.02 0.04 0.05 0.68 �0.05 0.23 0.03
Minneapolis 0.17 0.04 0.04 0.06 0.94 �0.09 0.30 �0.24
St. Louis 0.11 0.02 0.09 0.16 0.88 �0.21 0.46 �0.39

Northeast 0.16 0.07 0.01 0.16 1.81 0.02 �0.10 �0.89
Boston 0.17 0.10 0.01 0.67 0.67 0.13 �0.07 �0.42
New York 0.20 0.06 0.01 0.18 0.61 0.02 �0.11 0.29
Philadelphia 0.17 0.03 0.02 0.05 0.90 0.00 0.08 �0.05
Pittsburgh 0.06 0.02 0.09 0.13 0.52 �0.03 0.14 0.16

South 0.10 0.02 0.02 0.06 1.09 �0.07 �0.01 �0.10
Atlanta 0.11 0.02 0.06 0.07 0.65 0.00 0.21 0.01
Dallas 0.08 0.03 0.13 0.38 1.25 �0.39 0.66 �1.03
Houston 0.08 0.04 0.20 1.11 2.09 �0.90 1.12 �2.63
Miami 0.27 0.09 0.00 0.12 1.68 �0.02 0.03 �0.82

West 0.18 0.04 0.01 0.05 1.33 �0.01 �0.02 �0.36
Denver 0.10 0.03 0.09 0.16 0.55 0.07 0.21 �0.08
Honolulu 0.22 0.03 0.03 0.09 1.74 �0.01 �0.25 �0.60
Los Angeles 0.26 0.14 0.01 0.35 1.01 0.00 0.04 �0.41
Portland 0.18 0.06 0.03 0.19 1.35 �0.14 0.26 �0.68
San Diego 0.22 0.08 0.02 0.22 0.54 0.00 0.15 0.06
San Francisco 0.22 0.09 0.03 0.24 1.03 0.05 0.12 �0.46
Seattle 0.18 0.06 0.03 0.24 1.51 �0.16 0.32 �0.95

Metro median 0.13 0.04 0.04 0.19 0.94 �0.02 0.21 �0.41

In this table, we report the results of the variance decomposition defined by Eq. (13), varðrt � ptÞ ¼ varð bItÞ þ varð bPtÞ þ varðEtÞ þ 2covð bIt ; bPtÞ � 2covð bIt ;EtÞ�
2covð bPt ;EtÞ, over the 1997–2007 period.
Column (1) reports the variance of the observed log rent–price ratio, rt � pt . Column (2) reports the variance of the predicted log rent–price ratio implied by the VAR, drt � pt .
The results of the variance decomposition are reported in columns (3)–(8). Columns (3)–(5) report the share of the variance in the rent–price ratio accounted for by variation
in expected future real rates, varð bItÞ, expected future premia, varð bPtÞ, and expected future rent growth, varðEtÞ. Columns (6)–(8) report the share of the variance in the
rent–price ratio accounted for by the covariance between expected future real rates and premia, 2covð bIt ; bPtÞ, expected future real rates and rent growth, �2covð bIt ;EtÞ, and
expected future premia and rent growth, �2covð bPt ;EtÞ.
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The reported shares in this table correspond to the share attribut-
able to each element of Eq. (13), and thus sum to 1.0. For example,
the reported covariance shares of ð bIt ; bPtÞ; ð bIt ;EtÞ, and ð bPt ;EtÞ in
columns 6–8 refer to shares of the variance of r � p attributable to
2covð bIt ; bPtÞ;�2covð bIt ;EtÞ, and �2covð bPt ;EtÞ, respectively.14

Before examining the variance decompositions, we briefly dis-
cuss the overall variability of the actual rent–price ratio, r � p,
and its estimate, dr� p. The volatility of the estimated rent–price
ratio (column 2) is similar to the variability of the actual log
rent–price ratio (column 1) at the national, regional and metropol-
itan market level. The variance of the estimated and actual rent–
price ratio are identical at the national level, and when considering
all markets, the variance of the estimated rent–price ratio is typi-
cally 70% as large as the variance in the actual rent–price ratio. This
suggests that the VAR model for expectations captures important
movements in rent–price ratios over this period. Also note that
rent–price ratios are about 30% more volatile at the metropolitan
market level than at the national level, suggesting that some local
factors average out in the aggregate.
14 Thus, if we report a negative contribution of ð bIt ; bPtÞ to the variance of r � p, it
means changes to these two variables are negatively correlated. But in the case of in
ð bIt ;EtÞ and ð bPt ;EtÞ, if we report a negative contribution of the covariance of these
variables to the overall variance of r � p or dr� p, it means that changes to the two
variables are positively correlated.
At the national level, variation in expected future premia, bPt , is
estimated to be the largest source of variability of rent–price
ratios; variation in expected future rent growth, Et is similar to
that of expected future real rates, bIt . The results at the metropol-
itan level indicate that while variation in expected future premia
plays a key role, variation in expected future rent growth is about
as important. For example, at the median for the 23 metropolitan
markets (reported in the final row of the table), variation in ex-
pected future rent growth and premia account for similar shares
of the volatility of rent–price ratios.

The covariances among the components serve to dampen fluc-
tuations in rent–price ratios; columns 6–8 provide some details.
We find that expected future premia and real rates (column 6)
are negatively correlated in all markets except those in the North-
east, and that expected future premia and rent growth (column 8)
are positively correlated in every market (which implies a negative
contribution). The positive correlation of premia and rent growth
reduces the volatility of rent–price ratios by approximately the
same extent at the metropolitan level (median of �0.99) as at
the national level (�0.87). All of these results also hold for the full
1975–2007 sample of data (not shown).

These results are quite consistent with some key findings of var-
iance decompositions from the stock and bond markets. First, we
find that in the aggregate, variation in expected future premia is
the largest source of rent–price ratio variation. In particular, we
find that variation in future premia is roughly 2-1/2 times as large



Table 7
Variance decomposition of the deviations of the rent–price ratio from the US, 1975–
2007.

Variances Variance shares Cov. Share� �
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as variation in future rent growth (columns 4 and 5). Bernanke and
Kuttner (2005) find, over a similar time period, that expected
future equity premia are roughly three times as variable as
expected future dividend growth in the aggregate stock market.
Second, we find that expected future premia are positively corre-
lated with expected future rent growth, which reduces the overall
volatility of rent–price ratios. In his study of firm-level stock re-
turns, Vuolteenaho (2002) also finds that expected future premia
and fundamentals are positively correlated.

Vuolteenaho suggests that the positive correlation of expected
premia and fundamentals is consistent with a behavioral story that
stock prices under-react to positive changes in expected future
fundamentals: at the same time that good news about future fun-
damentals arrives, raising prices, required returns tend to rise,
depressing prices. This behavioral interpretation could also be ap-
plied to the housing market. The positive correlation between ex-
pected future rent growth and premia that we document could
simply indicate that house prices do not increase by ‘‘enough” dur-
ing periods of rising rent growth, which mechanically implies a
contemporaneous increase in housing premia. This interpretation
may also be applied to our finding that premia and real rates are
negatively correlated, in the sense that house prices do not in-
crease by ‘‘enough” when real rates decline. Whether or not the
negative covariance shares we report are the consequence of
behavioral or fully-rational and forward-looking decision making
is beyond the scope of this paper. We find it interesting, however,
that housing markets and other financial markets exhibit key sim-
ilarities that suggests the patterns we document may be linked to
fundamental characteristics of investor preferences or constraints.
r � p r� � p� dr� � p� bP�t E�t
bP�t ;E�t

(1) (2) (3) (4) (5) (6)

Midwest 0.11 0.03 0.07 9.05 6.60 �14.64
Chicago 0.12 0.05 0.05 0.91 2.34 �2.24
Cincinnati 0.09 0.05 0.04 1.18 3.07 �3.25
Cleveland 0.09 0.07 0.05 0.79 2.97 �2.76
Detroit 0.21 0.15 0.12 0.91 1.57 �1.48
Kansas City 0.09 0.07 0.04 0.19 1.15 �0.34
Milwaukee 0.16 0.08 0.06 0.95 1.55 �1.49
Minneapolis 0.18 0.08 0.03 0.18 1.27 �0.45
St. Louis 0.13 0.04 0.03 1.17 2.69 �2.86

Northeast 0.17 0.12 0.15 1.30 1.46 �1.75
Boston 0.24 0.18 0.18 1.56 1.26 �1.82
New York 0.27 0.21 0.13 0.48 1.74 �1.22
Philadelphia 0.16 0.08 0.05 0.97 2.34 �2.30
Pittsburgh 0.10 0.06 0.06 2.02 3.16 �4.17

South 0.09 0.04 0.03 1.99 1.05 �2.04
Atlanta 0.10 0.02 0.02 5.90 6.10 �11.00
Dallas 0.09 0.12 0.05 0.48 0.83 �0.31
Houston 0.11 0.14 0.04 0.39 0.68 �0.07
Miami 0.24 0.14 0.11 0.50 2.31 �1.81

West 0.17 0.07 0.09 1.61 2.45 �3.05
Denver 0.14 0.06 0.04 2.73 3.83 �5.56
Honolulu 0.23 0.17 0.06 0.35 1.36 �0.71
Los Angeles 0.24 0.15 0.18 1.84 2.11 �2.95
Portland 0.24 0.16 0.04 0.13 1.49 �0.62
San Diego 0.22 0.12 0.11 1.11 1.17 �1.28
San Francisco 0.25 0.16 0.11 0.58 1.41 �1.00
Seattle 0.25 0.17 0.04 0.24 1.61 �0.85

Metro median 0.16 0.12 0.05 0.91 1.61 �1.49

In this table, we report the results of the variance decomposition of the relative log
rent–price ratio series, r�t � p�t � rt � pt � rUS

t � pUS
t

� �
, defined by Eq. (15),

var r�t � p�t
� �

¼ var bP�t� �
þ var E�t

� �
� 2cov bP�t ;E�t� �

, over the 1975–2007 period.
Column (1) reports the variance of the raw log rent–price ratio, rt � pt . Column (2)
reports the variance of the relative log rent–price ratio, r�t � p�t . Column (3) reports
the variance of the predicted log relative rent–price ratio, dr�t � p�t .
Columns (4)–(6) report the results of the variance decomposition. Column (4)
reports the share of relative rent–price ratio variation accounted for by variation in
relative expected future premia, var bP�t� �

. Column (5) reports the share of relative
rent–price ratio variation accounted for by variation in expected future relative rent
growth, var E�t

� �
. Column (6) reports the share of relative rent–price ratio variation

accounted for by the covariance in relative premia and rent growth,�2cov bP�t ;E�t� �
.

5.2. Sources of rent–price ratio variability: 1997–2007

Table 6 reports the results of the variance decompositions for
the housing-boom period of 1997–2007 using the identical layout
as in Table 5. As mentioned, much of the change in the rent–price
ratio in this period is not explained by changes to the VAR-based
estimates of It ;Pt , and Gt . As a result, the variance of the predicted
rent–price ratio (column 2) is typically less than half as large as the
variance of the actual rent price ratio (column 1) over this period.

Our results indicate that variation in expected future rent
growth played the dominant role in accounting for variation in
rent–price ratios from 1997 to 2007. In particular, at both the na-
tional level and for the median of the metro-area markets, variation
in rent growth is estimated to be roughly 5 times larger than vari-
ation in premia. This is due entirely to the behavior of the forecast
discrepancy. If we were to associate this discrepancy with either of
the other two components ð bIt; bPtÞ during this time period, we
would find it to be the dominant source of variation. Even so, with
the ‘‘deck stacked” against finding significant variation in premia,
we find that such variation is important over the 1997–2007 period.
Across all our markets, variation in premia typically accounts for
roughly 20% of the variation of rent–price ratios over this period,
which is substantial considering the pronounced decline of these
ratios and corresponding increase in their volatility.

The covariance shares indicate that the correlations between
the three components of the rent–price ratio dampened total var-
iability over the 1997–2007 period, as they did from 1975 to 1996.
Specifically, we find that the sum of the three covariance shares is
negative or zero in all but seven markets; future premia and real
rates are negatively correlated, also in all but eight markets; and
premia and rent growth are positively correlated in all but six mar-
kets. Thus, although the contribution of rent growth in the indirect
decomposition changes quite significantly between the 1975–1996
and 1997–2007 periods, the pattern in the covariance shares is
fairly stable over these two periods.
5.3. Sources of relative rent–price ratio variation: 1975–2007

In this section we document that our results to this point are
not driven solely by common trends across all markets. Our ap-
proach is to examine the variability of relative rent–price ratios,
r�t � p�t which is defined in Eq. (14) as the difference between a local
and the national rent–price ratio. The variance decompositions are
performed according to Eq. (15) and the results are reported in Ta-
ble 7. We report results from the full 1975–2007 sample only be-
cause the large decline in the rent–price ratio that occurred
starting in 1997 was common to the US and almost every market
in our sample: this can be seen by comparing columns 3 and 4 of
Table 1.

The first three columns of Table 7 report the variance of the rent
price ratio, rt � pt , the variance of the relative rent–price ratio,
r�t � p�t , and the variance of the forecast of the relative rent price ra-
tio, dr�t � p�t . The relative rent–price ratio is typically 50% to 75% as
variable as the actual rent–price ratio, indicating that local factors
play a significant role in generating rent–price ratio variability.
Thus, while the traditional maxim that all real estate is local is
likely an overstatement, local factors are certainly important. Also,
the forecast of the relative rent–price ratio is typically almost as
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volatile as the relative ratio itself suggesting that the VAR
model captures a good deal of the variation in relative rent–price
ratios.

The results of the variance decomposition are reported in col-
umns 4–6. Variation in relative premia (column 4) and the relative
expected future rent growth (column 5) are both important for
overall variation in relative rent–price ratios. Further, the esti-
mated covariance share for relative expected future rent growth
and premia is negative in every market. Markets that experience
an increase in expected future rent growth, relative to the nation,
simultaneously experience an increase in premia, also relative to
the nation, that ultimately has a moderating influence on prices.
These two findings are consistent with the results reported in Ta-
bles 5 and 6.
6. Conclusion

In this paper we have applied the dynamic Gordon growth mod-
el to study the fundamental sources of variation in rent–price
ratios in 23 metropolitan housing markets, four regional markets,
and the national housing market over the 1975–2007 period. We
have decomposed the variance of rent–price ratios using an ap-
proach common in the finance literature that uses VAR-based fore-
casts of expected future real interest rates and housing premia, and
identifies expected future rent growth residually. We have exam-
ined the data over the 1975–1996 and 1997–2007 period sepa-
rately in light of the unprecedented decline in rent–price ratios
that occurred during the latter period. For the regional and local
markets, we have also studied the variability of changes relative
to the national market.

Using a VAR approach, we show that real interest rates, housing
premia, and rent growth all exhibit substantial predictable varia-
tion. Each of these three components of the rent–price ratio makes
a significant contribution to its variation. The resulting variance
decompositions that we perform reveal some important character-
istics of housing market behavior.

First, we find that housing premia exhibit significant variation.
Over the 1975–1996 period, variation in risk premia was the
principal source of variation of rent–price ratios at the national
level. Variation in premia is an important source of rent–price ra-
tio variation at the regional and metropolitan market level as
well. Even during the boom period, 1997–2007, our approach
(which residually attributes most of variation in rent price ratios
to changes to expected future rent growth) indicates that varia-
tion in premia accounts for about 20% of variation in all of our
markets. In our relative decompositions that control for move-
ments in housing premia at the aggregate level, we found that
variation in risk-premia remains an important source of variation
in rent–price ratios.

Second, we consistently find that the covariances among the
three components of the rent–price ratio dampen fluctuations
in the rent–price ratio. In particular, we show that the covari-
ance between expected future premia and rents is positive in
most markets, a finding that is robust to controlling for move-
ments in aggregate premia and rents. The positive covariance be-
tween expected future premia and rents is similar to findings
from the stock market that expected future dividends and pre-
mia tend to be positively correlated, thus providing an additional
similarity between the behavior of housing markets and financial
markets.

The application of the dynamic Gordon growth model to hous-
ing markets that we have examined in this paper provides insight
into the fundamental sources of variability in housing valuations.
Aside from providing direct evidence on the nature of fluctuations
in rent–price ratios, the framework that we adopt allows for a
meaningful comparison of housing and other financial assets.
Although housing markets are quite different from traditional
financial markets in both form and function, we find a number of
interesting similarities. We conclude that understanding the
underlying structural links between housing and financial markets
is likely to be a fruitful area of future research.
Appendix A. Supplementary data

Supplementary data associated with this article can be found, in
the online version, at doi:10.1016/j.jue.2009.06.002.
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