Forecasting Real Estate Prites

Eric Ghysels Alberto Plazzi Walter Torous
UNCT University of Lugano and SFI UCLA '}

Rossen Valkanov
ucsD!

This Version: June 30, 2012

Abstract

This chapter reviews the evidence of predictability in USidential and commercial real es-
tate markets. First, we highlight the main methodologiesius the construction of real estate
indices, their underlying assumptions and their impacthenstochastic properties of the re-
sultant series. We then survey the key empirical findingfénacademic literature, including
short-run persistence and long-run reversals in the logggmof real estate prices. Next, we
summarize the ability of local as well as aggregate vargabteforecast real estate returns.
We illustrate a number of these results by relying on six egate indexes of the prices of

unsecuritized (residential and commercial) real estateREEITs. The effect of leverage and
monetary policy is also discussed.
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1 Introduction

The importance of real estate as an asset class cannot Is¢adedr Its total value in the US at the
end of 2011 was about $25 trillion, of which more than $16ionl was in residential propertigs.
By comparison, at the end of the same year, the capitalizatioghe US stock market was in the
neighborhood of $18 trillion. Moreover, recent history gasts that fluctuations in real estate
prices, whether in bubble or burst mode, have the potertiduby up or wreak havoc on the
financial sector and the rest of the economy. Some of thatétripalue to leverage and the fact
that real estate is the easiest asset to borrow againstiakpé&om a household’s perspective.
Indeed, in 2011, about $12 trillion of outstanding mortgdgbt had been issued against the value
of residential real esta&But the connection between real estate and the macroecoisamoy a
bubbles-only phenomenon. Case, Quigley, and Shiller (666w that variations in real estate
prices have had a significant effect on aggregate consumijgtithe US, in fact more significant
than the stock market, even before the recent volatilityhm tesidential market. Reinhart and
Rogoff (2009) document this to be the case more universallgss a number of countries and
over longer time periods. From an economic perspectiveerstanding what drives real estate
values is no less important than is understanding the gyidgymamics of other asset classes, such

as stocks, bonds, commodities, and currencies.

The real estate market is different from other financial ratgkn several important aspects. It
is characterized by extreme heterogeneity due to the totatd physical attributes of a property.
Participants in that market face large transaction coatsying costs, illiquidity, and tax consider-
ations. They also face large search costs stemming froneséatle’'s heterogeneity. Investors have
just limited possibility of exploiting forecast decreaseproperty values, because of the impos-
sibility to short sale a specific asset and the absence atlligal estate futures contraQ[é[hese
large frictions suggest that the real estate market migheigdly not be efficient in the sense that
other financial markets are (e.g., Fama (1970)). But befeean talk about market efficiency,

which implies that some investors are able to take advarghgeofit opportunities, we first must

1The source is the Flow of Funds Accounts. This estimate ebtimming the value of Households real estate (Table Blib@04) with that
of Nonfinancial Corporate Business (Table B.102, line 3).

2The source is the Flow of Funds Accounts, Total Mortgagebl€Ta.217), obtained as the sum of Home and Multifamily resiil.

3There are some recently launched indexes that track therpeahce of residential and commercial mortgage backeditiesu These indices
allow investors to take short positions in assets that adeuistedly correlated with the aggregate real estate piortf8horting the construction
sector of the economy is another indirect way of shortingestate.
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investigate whether price changes are in fact statisyipa#édictable.

The presence of frictions does not imply that predictind estate returns is an easy task. In
practice, the opposite is true. An illustration of this faein be gleaned from the transcripts of
the Federal Open Market Committee’s (FOMC) 2006 discussihich were held at the peak of
the recent housing bubble. This was a time when a growingermus amongst economists that
residential prices were inflated coincided with a growingentainty about their future direction.
The transcripts reveal that most FOMC participants shdredpinion that we were in for a “a soft
landing or a period of stabilization after several yearstaodrgy price appreciatiorH”Now, with
the benefit of a hindsight and the Great Recession behind eiknaw that this prediction was
considerably off the mark. Long-horizon forecasts can hetyg challenging to make. One such
forecast was formulated by Mankiw and Weil (1989) who argtined the rise of housing prices in
the 1970s and 1980s was mostly due to the Baby Boom genesatiering the residential market.
Based on these findings and reasoning that future demanadsirtg will decrease over the next
twenty years, the authors predicted that “real housingeprigill fall substantially - indeed, real
housing prices may well reach levels lower than those egpeed at any time in the past forty
years.” Now, twenty or more years after Mankiw and Weil (1p&9mulated this forecast, we
have observed that the trends and volatility in the housiatket were driven by factors other than

demographic fundamentals.

In this chapter, we review the literature on return preditity in real estate markets. Many
of the papers on this topic involve the use of indices at thg reégional, or national level rather
than individual property prices. This is due to one obviaason: real estate transactions are very
infrequent. Hence, as a starting point, we discuss the rargtn and underlying assumptions be-
hind some of the most widely used residential and commere#lestate indices. The distinction
between residential and commercial properties is impoéasithey tend to have different dynamics
and return properties (Geltner and Miller (2006)). Theat#ce is not surprising as a household’s
decision to purchase a home—presumably driven not onlyu®stment considerations but also by
the need to consume a housing unit—is quite different fraah@han investor looking to purchase
a retail property (Flavin and Yamashita (2002)). Perhapsntiost transparent residential index

is the median sales price, versions of which are providechbyCensus Bureau and the National

4Excerpts from the transcript of the Meeting of the Federal e®@pMarket Committee, May 10, 2006, available at
http:/www.federalreserve.govmonetarypolicyfilesFONG&0510meeting.pdf.
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Association of Realtors (NAR). While it is easy to constrand interpret, it does not adjust for
the quality of properties that are on the market and thusazords fluctuations in prices with fluc-
tuations in real estate attributes. The fact that it is not@nstant quality” index makes it less
desirable than some of the alternatives which specificallyst for property attributes. Exam-
ples of constant-quality indices include, for residerpiaperties, the Case-Shiller and the Federal
Housing Finance Agency (FHFA) repeat-sales prices and:dommercial properties, the National
Council of Real Estate Investment Fiduciaries’s TransacBased (TBI) hedonic prices. We dis-
cuss these and other indices in some detail in Se€lion 2ubedheir statistical properties are
determined as much by assumptions behind their construasdoy market forces. Understand-
ably, much creative energy and papers have been devoted tiopiic. Without reliable indices,

empirical research in real estate is virtually impossible.

To get a glimpse into the aggregate real estate data, inddduand 2 we plot three residential
and three commercial indices that have been widely usedeititdrature and whose properties
we will analyze in this Chapter. It is immediately clear ttia¢ three time-series in Figuré 1 do
not exhibit the same dynamics despite the fact that theylbrgended to measure the same price
appreciation of houses in the US. For instance, the groviéh(ret the level) of the Case-Shiller
index has a serial correlation of 0.939. Some of that seoiaktation is due to the way the index
is constructed and some of it is undoubtedly due to econonuttons. The same statistic for
the growth rate of the Census median price is -0.517. Silpitheamatic differences are evident
in Figure[2, where the price of a real estate investmentdr{REIT) portfolio exhibits volatility
that dwarfs that of the other two indices. Before we can uesdliime-series, we have to under-
stand how they are constructed, what they measure, and evrtitbtty are suitable for forecasting.
In Section[2.11, we discuss the various types of real estafieds, provide details behind their

constructions and, in Sectién 2.2, we present their sumstatistics.

Predictive regressions in the real estate literature inymnespects mirror those in other asset
classes. The forecasted quantity, often future price amog returns, is regressed on a set of
predetermined variables, which are chosen to test a setomioetic hypotheses. The presence
of return forecastability is interpreted either as evident market inefficiencies (Fama (1970))
or of time-varying risk premia in otherwise efficient marketHowever, predictive regressions

are inherently reduced-form expressions and cannot igeht# economic reasons underlying the



forecastability without further modeling restrictionsa¢Ra and French (1988a)).

It is useful to divide predictive regressions into threeegatries based on the predictors and
maintained hypotheses. First, if the predictor is laggéarns as in Gau (1984), Gau (1985), Lin-
neman (1986), Guntermann and Smith (1987), Rayburn, Dgyamel Evans (1987), Case and
Shiller (1989), McIntosh and Henderson (1989), Gyourko \dith (1992), Kuo (1996), Hill, Sir-
mans, and Knight (1997), Hill, Sirmans, and Knight (1999), @002), and Schindler (2011), this
is a test of weak-form market efficiency. However, simplésdelependence tests in real estate are
complicated by the fact that the price changes of some isdice serially correlated by construc-
tion, making it difficult to disentangle spurious corredais from actual market inefficiencies. The

evidence of weak-form market efficiency is presented iniSe&.1.

Second, valuation ratios — such as the rent-price ratio ioefincome ratio — are often used
as predictors (e.g., Hamilton and Schwab (1985), Meese aaltht® (1994), Geltner and Mei
(1995), Capozza and Seguin (1996), Lamont and Stein (1988pezzi, Himmelberg, Mayer,
and Sinai (2005), Campbell, Davis, Gallin, and Martin (20@3allin (2008)). We review pre-
dictive regression with valuation ratios in Sectlon]3.2.clsuegressions are motivated either by
the valuation ratios’ ability to detect deviations and slagdjustments toward an equilibrium or
because they proxy for time variation in expected returnrélly, the evidence supports the view

that valuation ratios are not able to capture all the vammsith the conditioning set.

Third, a richer set of hypotheses can be tested by includinggsty- and/or region-specific
economic variables, whose aim is to proxy for demand andiggbcks in the real estate market.
Such predictors, used, amongst others, by Rosen (1984)eirian (1986), Skantz and Strickland
(1987), Case and Shiller (1990), Abraham and Hendersh@®6)l Pace, Barry, Gilley, and Sir-
mans (2000), MacKinnon and Al Zaman (2009), and Plazzi, 0®rand Valkanov (2010), include
demographic variables, income variables, constructi@isgc@and zoning restrictions. One can ar-
gue that these regressions account more fully for the hgptemity in real estate investments. The

evidence from these regressions is reviewed in Sectign 3.3.

Real estate data present some unique challenges in farecasttings. First, the predictive
results have to take into account high transaction costighaih real estate can be 6 percent, or

even higher, of the property value. In addition to the stiga$significance, the coefficient estimate



must be large enough to cover those costs. Second, theldeaitzal estate data is relatively
short in its duration and is observed at a monthly or quartieedquency! Sparse datasets are
available from the 1970s, but most empirical work is donehvegiéries starting from the 1980s
or later. The lack of longer and higher-frequency data remdstimation and hypothesis testing
difficult. Third, the in-sample fit of predictive regressgis often traced to dichotomous variables
for geographical location, coastal proximity, or whetheoanmercial property is of a certain type
(apartments, retail space, offices, or industrial buildjngVhile these fixed-effects are important
in accounting for the heterogeneity of the asset, they argmalictors in the usual sense of the
word. They do not change over time and cannot be the sourgaefderies predictability. Fourth,

the predictability evidence is mainly based on in-samédtics. It is rarely evaluated with mean
squared prediction errors (MSPE) or other out-of-sampédyais (West (2006)), mainly because
of the severe data limitations. Finally, and related to tle¥jus point, parameter stability and the

robustness of the forecasting model are rarely investig@tg., Rossi (2012)).

A real-estate-related market that does not suffer from itjle thansaction costs and infrequent
observations issues is that of publicly-traded real estatestment trusts. REITs are exchange-
traded funds that derive most of their income from real estatestments and whose returns
provide a remarkably clean venue for testing whether or eak estate returns are forecastable.
The REIT market has been given particular attention in tla estate literature and we are also
devoting special attention to it in Sectibh 4. The focus o TRES attributable to the fact that
their returns have less measurement error and are obse@@bigher frequency than other real
estate investments. Hence, econometric issues arisihg iestimation and forecasting of returns
can largely be addresstHowever, empirical work with REITs does have its limitatsonFor
instance, investing in a REIT is not the same as investingenunderlying commercial property
market. The risk-return characteristics of the investmenight be different. Ross and Zisler
(1991) document that REITs have the risk-return profile oékitap stocks and co-move more

with the stock market rather than the underlying real esteteket.

We supplement the summary of existing findings with our owno$eredictive regressions

estimated with three residential and three commercialestalte indices at the national (US) level

5A notable exception is Eichholtz (1997) whose bi-annuabesstial index of Amsterdam properties spans the perio®162973.

8These issues stem from the fact that the predictor is oftezpaintegrated process whose innovations are correlaitbdive innovations of
returns (Cavanagh, Elliott, and Stock (1995), Stambaug§89q}).



with monthly and quarterly data from 1991 to the end of 201@& aNoose to work mainly with
aggregate indices as they are available over a long timeaspmhallow us to keep a common set of
predictors. Some cross-sectional results are providedyusetropolitan level data for residential
properties. Following the literature, we run various sfieaiions of the predictive regressions.
For all non-REIT indices, the data restricts us to stay witlsample comparisons. However, with
REITs, we are able to estimate a more complete (and integggiredictive system, to adjust the
estimates for known small-sample biases, to impose relex@mnomic restrictions, to look for
predictability at various horizons, and out-of-samplee3éaresults are discussed in Sectidns 3 and
4.

The data and empirical methods that we survey are remarkialdyse. As a way of providing
a bird’s eye view of this body of work, in Tablé 1 we summarizestrof the covered papers along
with the main findings pertaining to returns forecastapiliThe papers differ not only in their
econometric approach, but also in the type of propertiegithestigate (residential, commercial,
REITs), the geographical coverage of the data, the time, ggahthe conditioning variables. De-
spite all these differences, a common set of findings emeoge this literature, most of which we
are able to observe in our aggregate predictive regressidrese stylized facts can be summarized

as follows:

e Price changes of repeat-sales and hedonic indices are wsityply serially correlated at
monthly and quarterly frequency, whereas median pricecegdexhibit negative serial cor-

relation. The serial correlation of REIT returns is similathat of small-cap stocks.

e Transaction costs and other frictions are too large for gmakcorrelation to translate into

economic gains for the non-REIT and REIT data.

e Valuation ratios, such as the rent-price ratio or the incgmee ratio, have some predictive
power, in-sample. It is mostly attributable to time varyiexpected returns rather than to

exploitable market inefficiencies.

e Variables, such as construction costs, demographic csaagd regulatory restrictions, have
a sizeable impact on future real estate returns. Howeweqgutrof-sample properties of these

forecasts are largely unexplored.



e For REITs, there is weak in-sample evidence of return ptalility and stronger evidence

for rent-growth predictability. The evidence for out-@frsple predictability is not strong.

e Leverage is positively related to future returns.

We should point out that several of these results obtain wigabregressions with more cross-
sectional than time-series observations. Hence, theadiptive” nature should be taken with some
caution. This is a general theme in real estate researdhe ¢tk of good time-series data prevents
us from applying the standard forecasting toolbox. Forinsg, it precludes the use of what some
might consider to be the ultimate forecast evaluation toot:of-sample predictive measures, such
as the MSPE comparison. The MSPE analysis is mostly asyimptatature and, as West (2006)
points out, is not useful for studies with only a handful o§ebvations for out of sample evaluation.
However, the lack of a long time-series data also raisestafiogw interesting questions, such as

how to use the richness of the cross-section in formulatimbevaluating forecasts.

There is also a growing literature investigating the pdidfonplications of investing in hous-
ing, as in Ross and Zisler (1991), Goetzmann (1993), Flawth¥amashita (2002), and Cauley,
Pavlov, and Schwartz (2007). Recent papers by Lustig and\NMamwerburgh (2005), Campbell
and Cocco (2007), and Piazzesi, Schneider, and Tuzel (20059tigate the connection between
housing, consumption, and asset pricing. Becker and Sh&@i0) examine the implications of
large household debt (a mortgage) on investment decisfma.next step, it would be interesting
to incorporate predictable real estate returns in the gtimrestment decision of households. The
portfolio setting would provide a natural measure of thenetoic importance of real estate return
predictability in absolute terms and relative to the preabdity of stock and bond returns. A first
step in that direction is the work of MacKinnon and Al Zama®@2) and Plazzi, Torous, and
Valkanov (2010).

Following the recent real estate crisis, two research draas generated considerable interest.
First, there has been renewed attention on the role of Igeema house price dynamics. Theoretical
work by Stein (1995), McDonald (1999), Spiegel (2001), anthf@-Magné and Rady (2006)
and the empirical findings of Linneman and Wachter (1989n&Seve and Mayer (1997), and
Lamont and Stein (1999), Brown (2000), Aoki, Proudman, atiéghie (2004), and Favilukis,

Ludvigson, and Van Nieuwerburgh (2011) suggest that |gextgroperties are more sensitive to



economic shocks. The main amplifying channel in those Eapetue to the fact that a household’s
ability to borrow is directly tied to asset values. While radit of the papers we discuss in that
section contain direct evidence of real estate predidtgbihey all suggest that leverage is an
important determinant of house price dynamics. On a relaeid, Mian and Sufi (2009), (2010)
and Favilukis, Kohn, Ludvigson, and Van Nieuwerburgh (2042alyze the effect of the recent
credit expansion on real estate prices. We review thisalitee in Sectioh 511. Second, the recent
real estate crisis has focused attention on the effect oftaoy policy on real estate prices which

we survey in Section 5.2. Sectibh 6 concludes and offerstitimes for current and future research.

2 The Real Estate Data

In this section, we summarize the availability of US reah&sblatﬁ The focus is on price indices
which can naturally be categorized, based on the constructiethodology, into four groups:
median-price indices, repeat-sales indices, hedonicasdiand stock-market-based indices. In
each category, the indices can track either residentiadmmineercial propertieg.ln subsection 2]1,
when introducing the various indices, we pay particulagrdgton to the way they are constructed
and the effect of the construction on subsequent foregastigressions. Subsectibn]2.2 presents

summary statistics for several well-known indices that & used in the rest of this chapter.
2.1 Real Estate Index Definitions

2.1.1 Median Price Indices

Median price indices track the price at which the mediangatibome within a particular area
trades in a given period. At present, residential mediacepndices are provided for U.S. single-
family homes by the Federal Housing Finance Agency, the @eBsireau (new home) and

by the National Association of Realtors (existing ho ) They are all available at monthly

"While we try to cover as much ground as possible, the inangaisiterest in real estate and the lower cost of informaticquisition have
resulted in an increase of available data sources.

8A third useful categorization is to decompose a propertyevamto land and improvements. While we do not analyze lana ideour article,
aggregate, state-level, and MSA-level price indices fod lare provided by the Lincoln Institute following the workiavis and Heathcote (2007).
See http://www.lincolninst.edul/.

9See http://www.census.gov/const/iwww/newressalesihtak

10see http://www.realtor.org/.



frequency, but the sample spans vary.

The appeal of median price indices stems from the ease wiithwhey can be computed and
their unambiguous interpretation. However, they ignoreptally important changes in the char-
acteristics of the dwellings being sold. In particular,igtin-quality and low-quality homes are put
on the market at different times, the corresponding medieeg may exhibit spurious time series
fluctuations due mainly to differences in the quality of thegerties. Moreover, it is reasonable to
expect the mix of homes sold to be correlated with local entio@onditions as more expensive
homes will tend to be put on the market in expansionary tiniéese considerations suggest that
a median price index provides not only a noisy but also a eyatieally biased estimate of the be-
havior of home prices in a particular market. Because of #ttempts have been made to keep the
guality of the median house constant through time when coctstg these indices. Corrections
also include stratification methods which adjust for conmpmsal changes in the transactions, as
in Prasad and Richards (2008).

By far, the two most popular methods to explicitly contral fuality and infrequent trading of

real estate properties are repeat-sales regressions doditienodels, which we review next.

2.1.2 Repeat-Sales Indices

Repeat-sales indices use information about homes thadaitaat least twice during the sample
period to infer market-wide price movements. ¢t be the price of homéat the end of period,
andp; . its logarithmic transformation. The standard repeatssafgroach models ; as the sum

of two components:

Dit = Pmt + €t (1)

wherep,, , denotes the aggregate real estate index — an equally-weiglttfolio of properties —
ande; ; is a property-specific mean-zero stochastic drift. Shooks #, denoted by;, = e;;, —

eit—1, are assumed to be i.i.d. both cross-sectionally as weNastmne, with finite variance?.

We are interested in obtaining estimategf; using a sample of individual property trans-
action prices, but we don’'t have observations for the saropepty in each period. Instead, we
have information for homg i = {1, ..., I'}, on the date of its initial purchagg the date of its first

salet; + T;, with T; > 1, and the corresponding prices. The subsarigaptures the fact that the
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transaction datess andt; + T; are dwelling-specific. Then, followingl(1), the log returariohg the
[t:;t; + T;] period can be expressed as:

ti+T;
Diti+T; — Pits = Pmti+T; — Pmy; + g Eir- (2)

T=t;+1
Motivated by this expression, the standard repeat-sajeession (RSR) approach of Bailey, Muth,
and Nourse (1963) consists of estimating via ordinary Iegatres the following cross-sectional

regression

yi = BX; + u; €))

where the dependent variablgis the holding period return for homieor y; = p; +,+1, — pi+,. The
regressorX; is a dummy variable that contains values for each time peédrcept for the first. It
equals 1 on the first sale ddte+ T;, —1 on the purchase datg and 0 otherwise. If the purchase
periodt; coincides with the first period of the sample, then the pwseldate dummy is omitted. If
there are a total of' + 1 periods, then th&" x 1 vectorB\ provides an estimate of the log price of
the aggregate index, @, ; = ﬁt. The value of the log price in the initial period is normatze

Zero.

The OLS estimator of (3) is, however, not efficient. In pare, the variance of the error
termu; = Zfijrl e;r Increases linearly with the interval of time between the tremsaction
dates, ow = T;o?. As aresult, the OLS estimator overweighs the informatioriransactions
that occur after longer time intervals, ignoring the largeise embedded in their price changes.
In this context, the best linear unbiased estimator (BLUWE GLS estimator of {3) where each
observation is weighted by the inverse of the square rodsdfalding period. The resultant error
terms are now i.i.d. and the system satisfies the Gauss-Madkuditions. This GLS estimator
coincides with the maximum likelihood estimator when weuass normality of the underlyings

(Goetzmann (1992) and references therein).

Case and Shiller (1987) extend model (1) to allow for thegmee of noise in individual home

prices. Formally, the log price of propertys expressed as

Pit = Pmgs t €ig + Nyt (4)
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wheren; ; is a normal i.i.d. noise factor with finite varianeg which captures imperfections in the
housing market. The varianeg@ is constant across properties because it is determined tketna
wide conditions. The three components are assumed to beralated amongst each other at all
leads and lags. Iterating equatih (4) over the transapeoiod|t;; ¢; +7;], we obtain that2 now
equals the sum of a fixed componet?, plus a component which is linearly increasing in the
length of the holding period[;o2. The weighted repeat sales (WRS) method of Case and Shiller
(1987) adapts the GLS estimator to account for the presdntesaonstant term in the variance
of the error. Its construction is based on a three-step proee In the first step, regressiadg (3)
is estimated by OLS and the corresponding residualare stored. The second step consists
of a weighted least square regression of these residuaisestjon a constant and on the time
interval between transactions. The constant term of tlgjsession represents an estimateof
whereas the slope is an estimaterdf In the third step, a GLS regression of (3) is run where each
observation is weighted by the inverse of the square rodteotorresponding fitted value from the

second step.

Using this methodology, Case and Shiller (1987) constreaitestate price indices for Atlanta,
Chicago, Dallas, and San Francisco/Oakland relying onyé@r000 pairs of transactions over the
1970-1986 period. Compared to median-based indices, shétaat series do not exhibit marked
seasonal patterns and display considerable cross-salctind time-series fluctuations. Further,
the weighting implied by the WRS has a substantial effectr@ndquarter-to-quarter changes in
the index compared to the RSR approach. The improvememngislyaattributable to the common
component in the error varianeg’, being quite substantial, on the order of 6% to 7%. By looking
at the ratio between the standard deviation of the estimatkxk and the average standard error of
the estimates, they also show that their WRS index captwiés pgrecisely the level of aggregate
prices and its annual differences. Quarterly differencesthe other hand, are quite noisy and

poorly estimated.

A variant of the Case and Shiller (1987) methodology has Ipeeposed by Goetzmann and
Spiegel (1995). They document that including an intercepntin the matrixX of dummy vari-
ables helps reduce biases in the estimation. This fixed taorporal” component in housing
returns most likely relates to property-specific improvats@ccurring at the time of a sale, which

can be as high as 2% to 3% of the investment. Alternative tegsdas methodologies include
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shrinkage-type estimators and Bayesian approaches Kaig.(1996) and Goetzmann (1992)).
Goetzmann (1992) compares the performance of various R&Ratsrs using simulation on a
cross-section of common stocks during a given year. He fimaisthere seems to be little, if any,
advantage to using anything more sophisticated than thedsti®ator when focusing on monthly
data and the number of repeat sales observations is largglenelative to the number of intervals

estimated.

An appealing feature of the repeat-sales estimator is tHg fanited amount of variables that
are required to construct the index, consisting at the veagtl of prices changes and dates of
individual property transactions. Measures of homes dbariatics and quality are not directly
used in the estimation but may be needed to identify and dgghioperties which have undergone
major quality changes—such as renovations, expansioms;znning—between transactions. The
estimation procedure is computationally tractable, aatddrd econometric procedures can be

used to construct the relevant statistics.

On the other hand, repeat-sales estimators make use of ljusited number of transactions
as the information on homes that transacted once is nedleAtso, homes that are sold repeat-
edly may not be representative of the population as a whioles giving rise to a selection bias
problem (Clapp, Giaccotto, and Tirtiroglu (1991), Gatzkafid Haurin (1998), Quigley (1995),
Korteweg and Sorensen (2011)). From a statistical perspethe estimation may be inaccurate
because of the singularity or near-singularity of the maki. This will occur when no or very
few transactions are available in a given period. The pracsiolution in such a case is to omit the
redundant columns, and to calculate the index over longer imntervals. Single-period returns are
then assigned the average return during those periods.ctheagy of the index increases at lower
frequencies, but autocorrelation is induced in the highequiency returns. This issue has no clear
solution and tends to be more relevant as we attempt to cagtidices in thin markets where the

number of properties is large relative to the turnover.

An additional concern is represented by spurious autoletioa in returns arising from over-
lapping information. Due to the presence of the house-fipemise component, the estimates of
pm May exhibit serial correlation in first differences even dulse prices truly follow a random

walk. The sign of this serial correlation is not clear andetefs on the timing of the sales of the
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homes relied upon, but it tends to be negative over shortitima/al Longer (one-year) returns
are instead more precisely estimated and generally digaaiive autocorrelation. The autocor-
relation properties of the index returns are clearly of imigace when analyzing predictability, an
issue we will return to in Secti. Lastly, thes estimates and thus the whole time series
of the index may change as new information becomes avaitatilehe coefficients in[3) are re-
estimated. These revisions may be substantial, on the ofadere to two percentage points on an
annual basis (Abraham and Schauman (1991)). Moreover,témelyto be insensitive to sample
size, with systematic and persistent dynamics (Clapp amdddito (1999), Clapham, Englund,
Quigley, and Redfearn (2006)). The revision of the inder aénders out-of-sample tests hard to

evaluate, as the original series is no longer available.

For the residential real estate market, the most well-kn@perat-sales indices are the S&P/Case-
Shiller Home Price Indices and the HPI Index constructedibyrederal Housing Finance Agengy.
The S&P/Case-Shiller Home Price Indices are based on teataales methodology as modified
by Case and Shiller (1987) (see Standard and Poor’s (2008¥.index tracks monthly changes
in the value of single-family homes both nationally as welira20 individual metropolitan areas.
The indices are calculated monthly using a three-month ngoaverage and published with a two
month lag. The national index is a quarterly indicator fa tiine U.S. Census divisions, and cap-
tures approximately 75% of the U.S. residential housingkshy vaIuQ For the national index,
for most of the MSAs indices, and for the Composite 10 indexdhata begins in 1986, while all
remaining metropolitan indices and the Composite 20 beg20D0. To account for sample selec-
tion, sales that occur within six months of one another acduebed owing to the likelihood that

the homes have been renovated.

The methodology behind the repeat-sales indices provigetthdo Federal Housing Finance
Agency (FHFA) is a variant of Case and Shiller (1987). Théedénce is that the second step also

involves a quadratic term in the regression of squareduafsdn the time interval between trans-

1webb (1981a),(1981c), and (1981b) show that under someittmrsithe autocorrelation in return errors approaches a8.the number of
observations goes to infinity.

12pnother concern is that, as noted by Goetzmann (1992), RSRaaie estimate the average cross-sectional log returnmiggeic average),
which is lower than the log of the arithmetic average retugnlbnsen’s inequality. This issue is not alleviated by augimng the number of
observations.

13Another popular series is the Conventional Mortgage HonieeRndex (CMPHI) jointly created by Freddie Mac and Fanniae\based on
mortgages purchased or securitized. See http://wwwizdieeorg/cmhpi.html.

14Time-series data and further information on the index gootibn can be found at the website http://www.standardaods.com and
http://www.macromarkets.com/index.shtml.
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actions. The indexes are based on data of conventionalroimfig mortgage transactions obtained
from Freddie Mac and Fannie Mae. The HPI provides a broadegrgehic coverage with respect
to the Case-Shiller index owing to the national operatidrti® two government sponsored hous-
ing enterprises. However, this comes at a cost as mortgaggetctions on attached and multi-unit
properties, properties financed by government insuredslaard properties financed by mortgages
exceeding the conforming loan limits determining eligtigifor purchase by Freddie Mac or Fan-
nie Mae (such as sub-prime mortgages) are excluded. Fui#tails about its construction are
provided by Calhoun (1996). Monthly indices for the U.S. &w®hsus divisions based on sales
price data are available since January 1991. Quarterlgésdestimated using both sales prices
and appraisal data for the U.S., Census divisions, and pwitan areas start in the first quarter of
1975.

Competing repeat-sales indexes for the aggregate andU&aésidential market starting in
1975 are also available from CoreLogic. They are constdinéesed on a broad universe (about 50
million) of mortgages, and cover about 98 percent of all Zi§.codes. Unfortunately, the data are
not publicly available. For a recent application using tledaLogic series, see Favilukis, Kohn,
Ludvigson, and Van Nieuwerburgh (2012). Recently, regad-indices have also been introduced
into commercial real estate markets. Prominent among thesthe Moodys/REAL commercial

property price index (CPPI) and the CoStar commercial regedas index (CCRSI).

It is important to emphasize that these indices only tracepppreciation. That is, they only
account for changes in prices and ignore any intermediate ftaw over the period the home is
being held. These cash flows include explicit or implicittreax effects, and maintenance costs.
Clearly, true measures of (excess) returns to real estaterafiect all inflows and outflows arising
from the trading and management of a dwelling. An averagdi@upent and a rent-to-price ratio
series for the Case-Shiller and FHFA indices has been aatstt by the Lincoln Institute based

on the methodology of Davis, Lehnert, and Martin (2068).

15The data are downloadable at http://www.lincolninst.eskgurces/.
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2.1.3 Hedonic Indices

Repeat sales models measure movements in property priaggvan location over time. They do
not shed light on what specific factors determine these pate given point in time. To answer
this question, we turn our attention to hedonic pricing miedi hedonic models, the price of a
property is expressed as a function of a set of characterigthich determine its qualit:/@such as
.This

relation may arise as the equilibrium outcome of a competitnarket with heterogenous goods

square footage, number of bedrooms, etc.) and other fastach as proximity to a scho

whose characteristics enter the agent’s utility functidngen (1974)).

An important classification of hedonic models pertains ®ftinctional form relating the prop-
erty price and its characteristics. The standard semidagdlation assumes a linear specification
of the type

Dit = BZi + 0D + €y (5)

wherep; , is the log transaction price of propertyn periodt, Z; is aC x 1 vector of property
attributes (also known as hedonic variables) includingrestant term, and is a7 — 1 x 1 vector

of time dummies, one for each period except the first. The Odét8nates of(3,d) in (B) are
obtained by pooling the information of all transactions &agle an immediate interpretation. The
estimates off measure the marginal utility an investor derives from hgwne additional unit of a
characteristic, also known as a shadow price. The paraesiarates ob capture, by contrast, the
period-specific change in log price once the effect of priypeinaracteristics has been accounted
for. Similar to repeat-sales models, the vedds then regarded as an estimate of the log price of
the quality-adjusted aggregate indexpf; = 5. The value of the log price in the initial period

is again normalized to zero.

Semi-log hedonic models are often preferred for their eAgstomation. Standard errors and
statistical tests are easily computed. Linear models aveieter, clearly prone to model mis-
specification. Several researchers have explored aliegrsdecifications which allow for greater
flexibility through nonparametric functional forms or sadeorder expansions (see Halvorsen and
Pollakowski (1981), Wallace (1996), and Clapp (2004)). Seheodels have been found to provide

superior out-of-sample predictive performance compaoekhear ones (Pace (1993)), but their

18For an extensive discussion of hedonic models, see Hill {R0An early application of hedonic models to commercial esiate is Hoag
(1980) who investigates the risk and return charactesisiféndustrial real estate.
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estimation requires the availability of large datasetsdratiow prices are not easily obtainable.

Another key element in the implementation of hedonic mowetke choice of the appropriate
set of characteristics. The most commonly used charattsrage lot size, square footage, number
of bedrooms, number of bathrooms, and age (Wallace (199&)a8s, MacDonald, Macpherson,
and Zietz (2006)). Others include garage space and thermmesé air conditioning, a swimming
pool, and a fireplace. In general, this list is dictated bydaailability. Data on properties char-
acteristics, along with owners’ own assessment of theureslcan be found in the Panel Study of
Income Dynamics (PSID) which starts in 1968. Moreover, sgwariables that may affect pricing
such as the amount of traffic noise and sunlight exposureatrdirectly measurable or observ-
able. This renders hedonic models prone to both omittecbkriand selection bias, as missing
observations for some characteristics may lead to dataodeggoward, for example, high quality
buildings. As in any regression-type approach, the maiethassumption for consistency of the
estimates is that the included variables are not correlatddomitted determinan@ A perhaps
comforting result is the evidence that shadow prices forsmme characteristics resulting from
the estimation of the semi-log model on different databaggear to be rather stable (Sirmans,
MacDonald, Macpherson, and Zietz (2006)). In additionatan identifiers (such as zip codes,
location dummies for proximity to the ocean or nearby lales)usually included in the regression

in order to account for unobserved heterogeneity, as in @aihsiglio, and Pathak (2011).

Repeat sales models can be viewed a special case of hedanigpnodels. To see this,
consider a propertywhich sold twice, say at times andt,, and apply the hedonic pricing model,
expressior[(5), at each of these time points assuming thimaharices of the property’s attributes

as well as the sizes of the attributes themselves do not elaetgveen sales:

pi,tl = BZZ + 5t1 Dtl + €i,t1

pi,tg = BZZ + 5t2Dt2 + €i,t2'

17shiller (2008) argues that hedonic models are subject tdgkéehat researchers “cherry pick” the functional form aharacteristics to obtain
the desired results. This argument, however, applies bréadll empirical studies.
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Subtracting these expressions gives

pi,tz - pi,t1 = 5t2Dt2 - 5t1 Dtl + €i,t2 - Ei,tl
= 6t2Dt2 - 6t1 Dt1 + v;.

If we assume a sale occurredtaand assigrD;, = —1 and a purchase &t and setD,, = +1, the

latter expression above corresponds to the repeat sales given in expression [3).

Several studies compare the relative performance of hedon repeat-sales models. Meese
and Wallace (1997) exploit the fact that repeat-sales estira can be viewed as constrained ver-
sions of a dynamic hedonic model in which it is assumed thdtaimes that sold twice are repre-
sentative of the whole market and (ii) the shadow prices@#tiributes are constant over time and
therefore cancel out in the construction of the index. Theggat both of these assumptions using
data on transactions prices and characteristics for 5h0@tkes located in the cities of Oakland
and Fremont, California. In addition, they find that repgales indices tend to be very volatile.
They attribute this behavior to sample selection bias, canmstancy of the characteristics’ shadow
prices, and sensitivity to small-sample problems whichnadke these approaches less suitable
to study efficiency in local markets. Surprisingly, they filit the time series properties of the
readily-available median sales price index were very dosieose of a hedonic Fisher Ideal index.
Similar conclusions are reached by Clapp and GiaccottoARl@@king at the empirical distribu-

tion of prediction errors using data for Dade Country, Flari

As in the case for repeat-sales models, hedonic modelsde@stimates of the average log
return, and not of the log return of the average property.y el on the assumption that the set
of houses that transact is representative of the market dobkewlf instead the sample of house
sold varies with economic conditions, the resultant insliogay be systematically biased. The
magnitude of this bias can be analyzed by comparing hedoodets with price indices based on

censored regression procedures, as in Gatzlaff and Hg@887), (1998)).

An alternative way of constructing hedonic-based indicketwdoes not require data on prop-
erties characteristics is to take advantage of appraisaatrans. Appraisals are estimates of the
current value of a property provided either by the owner @ted “internal appraisals”) or by a

professional agent (“external appraisals”). The key insiigere is that while an appraisal value may
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represent a noisy estimate of a property’s true market ydlserves as a valuable hedonic variable,
summarizing a building’s characteristics which are eithteservable, such as its size, or are unob-
servable, such as its quality. For the U.S. commercial retate market, a popular index which is
based primarily on appraisal values is the National Prgpgedex (NPI) constructed by the Na-
tional Council of Real Estate Investment Fiduciaries, NGF@ NCREIF assets are institutional-
grade commercial properties managed by investment fidasian behalf of tax-exempt investors,
mostly pension funds. The commercial properties are aeduirthe private market for investment
purposes onlyd Based on the information provided by its members, NCREItroits quarterly
indices for the aggregate commercial real estate as wetidhsas disaggregated by property type
and region. The indices are value-weighted by each propeaitket value, and include cash flows
from net operating income and capital expenditures. Thesér the U.S., industrial properties,
retail properties, and offices start in the first quarter of8,9while the index for apartments is

available from 1984.

A well-known drawback of using appraisal valuations is thatresultant returns respond with
a lag to changes in actual market values and are much smdbthleer (2005)). The Transaction-
Based Index (TBI) constructed by the MIT Center for Real testses the information on trans-
action prices of properties sold from the NCREIF databaggdwide a more timely measure of
market movemengThe index is based on the two-stage methodology of Fishdin&geand
Pollakowski (2007) which combines the information of imfuent transaction prices with that of
frequent appraisal valuations. In the first stage, quarteahsaction data are used to estimate a
hedonic price model in which corresponding transactiongsriare regressed against properties’
lagged appraisal values as well as several dummy variablasotling for time, property type,
and location. The estimated coefficients from this regogsare then used in a second stage to
construct predicted prices based on the appraisal valwkstaer characteristics of those prop-
erties that did not transact in a given quaﬁnn order to construct the aggregate TBI Index,

the first-stage estimates are then applied to a representatperty mirroring the average char-

185ee http://lwww.ncreif.org/data.aspx.

19When a property is sold or is subject to a change of use, & #éxit database. Due to changes in its composition and thetgssets included,
the NPI index may therefore not be representative of the certial real estate market as a whole.

205ee http://web.mit.edu/cre/research/credl/tbi.html.

21The methodology also accounts for transaction sampletgeiduias in the first stage using a Heckman (1979) two-stgpameh and applies
Bayesian noise filtering technique to reduce the effect &fem the quarterly series due to the limited number of tafisns. See Fisher, Geltner,
and Pollakowski (2007) for further details on this estimatprocedure.
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acteristics of the data. The methodology can also be usednstreict pseudo—market prices for
individual properties, as in Plazzi, Torous, and Valkan2®1(1). The nation-wide index is avail-
able quarterly from 1984:Q1, while property-specific iretidor apartments, industrial properties,
retail properties, and offices start in 1994@1.

2.1.4 Hybrids

A combination of two or more types of indices might attenuate deficiencies in the individual
approaches. Along those lines, Case, Pollakowski, and i&a(t091), Case and Quigley (1991),
Quigley (1995), and Meese and Wallace (1997) combine regsas and nonparametric hedonic
methodologies in the construction of hybrid indices. Thec#ication of Case and Quigley’s
(1991) hybrid model is appealingly simple. It involves esiting the repeal-sales model (3) and

the hedonic model{5) jointly in a GMM system of equations.

Hill, Sirmans, and Knight (1997) improve upon the estimatad Case and Quigley (1991)
hybrid model. More specifically, they use hedonic regressto estimate the effect of depreciation
(the shadow price of a building’s age) and impose a firsttoadéoregressive process for the error
term to capture sluggish adjustments to economic shocley thien jointly estimate a repeat-sales
regression consistent with this error structure via maxmikelihood and document substantial
efficiency gains in terms of lower standard errors and nagromterval estimates for the resultant
index. Hybrid indices seem to offer improvements over eithe repeat-sales or the purely hedonic
models (Case, Pollakowski, and Wachter (1991) and Mees®alidce (1997)), which illustrates
well the fact that the adoption of one particular model to élRelusion of all others is likely to
result in the suboptimal use of information. The intuition this results is analogous to that in the

forecast combinations literature (Timmermann (2006)).

2.1.5 Stock Market-Based Indices

Institutions and individuals can take positions in the careral real estate market by investing
in publicly-traded REIT companies. Market-based indicas be obtained from the trading of

individual REIT stocks. These indices are usually consédias value-weighted averages of firm-

22The starting date for the property-specific indices is natéid by the need of a sufficient number of transactions tmetgithe model param-
eters separately within each property.
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specific REIT returns. The two standard data sources hetbh@@RSP/Ziman Real Estate Data
Series and the FTSE NAREIT US Real Estate Index Series. Bdtbés track the performance of
the US market and provide disaggregated information adR&d3 types (equity, mortgage, and
hybrids). The CRSP Index is available from 1979, while theRNAT data starts in 1972. The

CRSP Index also provides separate indices for Apartmerdsstrial and Offices, and Retail.

A few caveats are, however, in order when using REIT datat,Rhve overall value of the 163
REITs traded at the end of 2010 was about $366 billion, ansliypresent quite a small fraction of
the approximately $10 trillion estimated value of non-tlesitial real estate market. Hence, REITs
may not constitute a representative sample of the U.S. cooiaheeal estate market as a whole.
Second, the number of traded REITs varies considerablytower, from about 100 trusts in the
early 1980s to slightly less than 200 during the mid 2000srdTtthe market is characterized by
a few large companies and many smaller REITs. This desonifisi consistent with the fact that
in 2009 the average market cap of REITs was $1.37 billionJeMhie median market cap was
only $0.618 billion. An investment in REITs exposes investio the risks inherent in small-cap
stocks. Finally, many REIT companies have a significant athoftidebt and thus the return series
reflect the profit for the equity stake of investing in reabgst Since equity is nothing but a call
option on the value of assets (Merton (1974)), higher delei$eamplify the effect of shocks to the
value of the asset (property). Hence, we expect REITs retoraxhibit higher mean and volatility

compared to those of the commercial real estate market.

2.1.6 Other Methods

The non-observability of the true underlying price prockas also prompted some researchers
to apply filtering techniques to extract the information fet prices embedded in noisy trans-
action prices. Engle, Lilien, and Watson (1985) use an EMrétlgm (based upon Kalman fil-
tering and smoothing) to estimate unobservable rent-pates, by relying on hedonic prices
and a present value model between prices and future rentsfofeezasting real house prices in
the U.K., a Kalman filter model with time-varying coefficisrhas been used by Brown, Song,
and McGillivray (1997). Giaccotto and Clapp (1992) use Mo@arlo simulation to show that
Bayesian-type techniques based on a Kalman filter shoulddferped by appraisers to estimate

current true prices.
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Finally, the increasing availability of large databases lead researchers to explore the use of
spatial econometric techniques that control for geogalaind temporal dependence in real estate
price Spatial dependence refers to the fact that properties vareim geographical proximity
to each other will tend to be subject to similar shocks. Mweegothe location of a dwelling may
play an important role in its pricing due to the presence ofdis such as proximity to schools,
parks, and malls. We would then expect the error componaritedonic regressions to be more
correlated the closer the two properties are to each otheontrast, temporal dependence refers
to the fact that the parameters of hedonic models (the até&ritrices) may change over time. This
is similar to modeling time-varying coefficients in standlaegression analysis. Error terms which
refer to transactions occurring in distant periods are fhety to be less correlated. Explicitly
accounting for these two sources of correlation helps redloe bias and improves the efficiency
of the estimators. Application of spatial models to houstag be found in Can (1992), Pace,
Barry, Clapp, and Rodriguez (1998), Pace, Barry, Gilley &irmans (2000), Caplin, Chopra,
Leahy, LeCun, and Thampy (2008), Nappi-Choulet Pr. and M&009).

2.2 Summary Statistics

Residential: For residential properties, we have three data sourcesmedén price index and
two repeat-sales indices. First, the Census Bureau prewielian and average prices of US res-
idential properties at monthly frequency. Second, Stathdad Poor’'s/Case-Shiller (Case-Shiller)
construct repeat-sales prices that are available at \safrequencies and aggregation levels. A
national index is constructed quarterly and a monthly wer§or the 10 largest metropolitan areas
(C10) is also available. In addition, we compute a monthlyadig-weighted average across all
available areas at a point in time and label it as “EW”. Thilng, Federal Housing Finance Agency’s
(FHFA) repeat-sales House Price Index is available mor(falychase Only) and quarterly (All
Transactions) at the national level. All three series tyaée appreciation in nominal, as opposed
to real, house prices. We compute log price changes of attesdwhich cannot be interpreted as
returns in the usual sense of the term since the levels docoouat for rents. Rent-to-price data
for the Case-Shiller and FHFA data are from the Lincoln tagti at quarterly frequency. This data

is also used to obtain growth in rents. Unfortunately, we dbhave access to residential hedonic

233ee Anselin (1988) for a book treatment of spatial regressio
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price data. To facilitate the comparison across data seuvee sample all series starting in 1991
(or later, depending on the series availability). The ekoegds REITs, for which we use a sample

starting from January 1980.

In Panel A of Tablé 2, we report summary statistics — annedlineans, annualized standard
deviations, skewness, and AR(1) coefficient— for log pricenges of all indices as well as the rent
growth rate and the rent-to-price ratios. The average droate of the Census median sales index
and of the repeat-sales series are all in the neighborhod#ofHowever, the standard deviation
of the median sales index, at 8.8%, is significantly highanttihe 2.0% to 5.1% observed for the
Case-Shiller and FHFA indic@.All indices are negatively skewed, but the skewness in tepea

sales indices is larger in absolute value.

From a time-series perspective, the most significant diffee between the median and the
repeat-sales indices is the level of time-dependence. g&saim log levels of the Census series
are significantly negatively correlated, with an AR(1) dma&fnt of -0.522. The Case-Shiller C10
and EW monthly log changes exhibit an AR(1) coefficient of38.@nd 0.929, respectively. To
a significant extent, this dependence reflects the fact #sagxplained above, the Case-Shiller
indices are constructed as a three-month moving averagewfderlying series. Indeed, if we take
the quarterly index, the AR(1) coefficient is significantbyder (0.613). The FHFA monthly and
guarterly log changes also have large positive AR(1) caeffts of 0.756 and 0.708, respectively.

The average rent growth rate for the repeat-sale indice%ois Bhe series exhibit very little
volatility and high serial correlation (0.900). The rentgrice ratio is 4.5% for both indices. Its
standard deviation is very small compared to that of the logepchanges, but it is extremely
persistent, with AR(1) coefficients of 0.987 (Case-Shjlierd 0.994 (FHFA). Given that these es-
timates are downward-based (Andrews (1993)), there is titbubt that these series are close to
non-stationary. The high level of persistence in the rergprice ratio is similar to that observed in
valuation ratios (dividend-price, earnings-price) of th& stock market (Welch and Goyal (2008)).
The average return from residential real estate can be deahfny adding the average price ap-
preciation and the average rent-to-price ratio. Over oorpde, it is 7.6% for both repeat-sales

indices.

Commercial: Commercial properties naturally fall into one of four caiggs: apartments (Apt),

241t is worth noticing that over the 1963-2010 period for whithnsus data are available, the return standard deviat@meishigher at 13%.
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industrial properties (Ind), offices (Off), and retail pespes (Rtl). Indices are available for each
of these categories as well as for the overall commercidlegtate market. The first source of
commercial real estate values is the NPI from the Nationaln€i of Real Estate Investment
Fiduciaries (NCREIF). An alternative hedonic index, basadhe work by Fisher, Geltner, and

Pollakowski (2007), is the transactions-based index (TBI)

Repeat-sales commercial real estate indices are relatieal. One such index, the Moodys/REAL
commercial property price index (CPPI) provides monthltadd the aggregate level and quarterly
series by property type from 2001 to the pre@r\l\/hile this time span is too short for forecast-
ing exercises, we include the CPPI for completeness anddegeummary statistics. We have no

doubt that repeat-sales indices will play a growing roledmmercial real estate.

REIT is a value-weighted index of all publicly-traded REihghe CRSP-Ziman database. Us-
ing monthly returns with and without dividends, we constitgdividend-price ratio and dividend
growth rate (see Appendix A.2 for details). Since REIT isacktmarket based index, it presents
a unigue opportunity to investigate the performance andigtability of commercial real estate
returns without the complications inherent in hedonic apkat-sales indices. It is therefore not
surprising that many academic papers have been written dh REIrn predictability and so we

will also devote special attention to this market.

Panel B of Tablé 2 contains summary statistics for the NPIl, TB’PI, and REIT indices.
Whenever available, we also report summary statisticsefior growth rates (or dividend growth,
in the case of REITS) and rent-to-price ratios (dividenidgratios, for REITSs). With the exception

of CPPI, all return series include cash flows distributioret {ents or dividends).

The TBI index shows a higher average return than the TBI (9v8%us 6.8%) and a higher
standard deviation (9.6% versus 5.2%). Since the two irglaxe based on the same data, the
increased volatility of the TBI is attributable to the reddcimpact of the smoothness coming
from appraisal valuations. Indeed, the AR(1) coefficientra NPI is 0.80, about one order of
magnitude larger than that for the TBI (0.087). The low der@relation in the return series

makes the TBI particularly appealing from an economic perpe. The rent growth rate of the

25The CPPI tracks same-property realized round-trip pricangks based on transactions data provided by Real EstafgtiésalLC
(REAL).The RCA database aims at collecting price informmatfor every commercial property transaction in the U.S.rdb2,500,000 in
value. Thus, it reflects a more extensive set of propertias those in the NCREIF portfolio. See Geltner and PollakowgR07) and
http://mit.edu/cre/research/credl/rca.html.
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TBI exhibits moderate serial dependence (AR(1) coefficadn®.365) whereas its rent-to-price
ratio is extremely persistent (AR(1) coefficient of 0.97T)he changes in the log CPPI have a
very low average mean of 1.1%. This is mostly due to the samy@ewhich these statistics were
calculate(E The CPPI series are also quite volatile and exhibit modef@pendence (AR(1) of
0.452).

The average REIT returns, at the bottom of Panel B, Tablew#& hanean of about 10.4% and
a standard deviation of 17.9%. These numbers are highefah#tme other commercial real estate
indices. By comparison, during the common 1991-2010 pesibith is used in our forecasting
regressions, the return mean and volatility for the Allgerdy index are respectively 0.105 and
0.202. Since REIT is a stock index, it is useful to comparesitsrn and volatility with that of the
market-wide portfolio return. The CRSP value-weightedfotio return has an average of 10.7%
and a standard deviation of 16.3% over a similar period, whiplies a higher Sharpe ratio than
that of REITs. REIT returns have a relatively higher ser@irelation of 0.146, which is in line

with that of small-cap stocks in the US stock market.

Conditioning Variables: The conditioning variables we select proxy for time vadatin the
state of the economy and thus in the prevailing investmepbdpnity set. These variables have
also been shown to successfully capture time variation peeted returns of the aggregate U.S.
stock market and bond returns. These include the laggecegatgr stock market (Campbell and
Vuolteenaho (2004)), its dividend-price ratio (Fama anehieh (1988b), Lettau and Van Nieuwer-
burgh (2008)), the relative 3-month Treasury bill calcethas the current rate minus its twelve-
month moving average (Hodrick (1992)), the inflation ratanfla and Schwert (1977)), the term
spread as difference between the 5-year and 3-month lodsy(€lama and French (1989)), the
Cochrane and Piazzesi (2005) tent-shaped combinatiomeéfd rates, and industrial production
growth (Fama (1990)). Summary statistics, reported in thtéoln panel of Tablgl2, show a wide
range of persistence with AR(1) coefficients ranging fro@9Gor Industrial Production growth to
as high as 0.92 for the Term Spread. Details on the data saancteonstruction are provided in

AppendiXA.2.

26ynfortunately, a longer time span is not available.
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3 Forecasting Real Estate Returns

The extensive predictability literature in finance and esthte considers variations of the follow-
ing linear predictive regression:

r1 = a+ B8'Xy + e (6)

wherer;,; is a return (or price change) any, is a vector of variables, observable at tihe
Predictability inr,,; may arise because of two distinct economic reasons. Riretght be due to
market inefficiency if some available information is notengorated in prices in a timely manner
by market participants (e.g., Fama (1970)). Second, piagality might be due to time-variation in
expected returns (e.g., Campbell and Shiller (1988)). Wafately, the existence of predictability
in a reduced-form regression (6) does not allow us to trazedbnomic provenance. Also, the
existence of predictability does not necessarily implyt tih@ market is inefficient in the usual
sense of the term (Fama (1970)). For a market to be ineffidmréstors should be able to exploit
some of the serial dependence. This point is discussed @il gtCase and Shiller (1989) in the

context of residential real estate.

Linear models are deceptively simple. An extensive liteathas investigated their statisti-
cal properties (estimation and inference) and out-of-damppedictive performance (Rapach and
Zhou (2012) in this Handbook). Statistical complicationsebecause the predictdf; is often
persistent and its innovations are correlated wijth, which induces bias in the estimation ©f
(Stambaugh (1999)). Moreover, excessive noise in thengtseries renders hypothesis testing

unreliable. We will revisit some of these issues below.

In this section, we review the literature on real estate iptalility. We also report estimates
from our own predictive regressions using the indices oioed above. The discussion is orga-

nized around the kind of predictive information that is um#d in.X; and the implied hypotheses.

3.1 Serial Dependence in Real Estate Returns and Weak-Form afket Ef-

ficiency

We start off with the simplest information séf;, that of past returns;;. In this case, regres-

sion (6) tests for serial correlation in returns and weakdafanarket efficiency. Several studies
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in the real estate literature find that returns (or price geah exhibit positive serial correlation,
including Gau (1984), Gau (1985), Linneman (1986), Gunggmtmand Smith (1987), Rayburn,
Devaney, and Evans (1987), Case and Shiller (1989), Mdiraosl Henderson (1989), Gyourko
and Voith (1992), Kuo (1996), Hill, Sirmans, and Knight (I99Hill, Sirmans, and Knight (1999),

Gu (2002), and Schindler (2011). However, the evidence agtldr this predictability can be ex-

ploited for financial gains is less clear.

In one of the earliest papers of weak-form efficiency for tt&rdal estate market, Gau (1985)
investigates the persistence in monthly returns to comiade®al estate in Vancouver during the
1971-1980 period. Rather than using simple returns, he sweith abnormal returns, defined as
returns adjusted for various sources of systematic risle drbss-sectional risk-adjustments alter
the unconditional mean of the returns series, but have Htflect on their dynamics. Gau (1985)
finds that the forecasting errors from predicting abnorne&ims using past price information
are too small to be exploitable by a trading strategy. LinaerfL986) uses hedonic prices, also
adjusted for risk, to test for market efficiency in the Phdguhia residential market. He finds
evidence of serial dependence in the data, but concludeththaredictability is insufficient “to
cover the high transaction costs associated with tramgpotial estate.” Guntermann and Smith
(1987) apply a portfolio approach to uncover the autocati@h of aggregate unanticipated total
returns to residential real estate in 57 MSAs using the Fddousing Administration data over
the 1968-1982 sample. Their study is one of the first to eitlglitake into account rental income in
computing returns. They document positive predictabditgr horizons of one to three years, and
negative autocorrelation at the four- to ten-year horiZbmis pattern is consistent with short-run
momentum and long-run reversal. Consistent with Linnend®86), the persistence is not large

enough for various trading rules to appear profitable orargstction costs are considered.

Rayburn, Devaney, and Evans (1987) and MciIntosh and Heml€t989) reach similar con-
clusions using different datasets and methodologies. Raylbevaney, and Evans (1987) com-
pute ten indices for the Memphis single-unit residentialkeeduring the 1970-1984 period. While
some of the indices exhibit significant serial correlatitthvg authors conclude that the transaction
costs faced in that market are simply too high for a marketrig strategy to be profitable. Mcin-
tosh and Henderson (1989) use ARMA models to test for weak-imarket efficiency. They

estimate the ARMA models with transactions data for the&aHort Worth office properties mar-
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ket over the 1979-1985 period. They find that, although thienesed parameters of the processes
are significant, their out-of-sample mean square foramg&irors and mean absolute forecasting
errors are higher than those of the unconditional mean. éje¢hey conclude that commercial real

estate returns in that market are unpredictable.

In an influential study, Case and Shiller (1989) test for wialkn efficiency in four U.S. singe-
family markets: Atlanta, Chicago, Dallas, and San Fram¢Sekland. They do so using their
weighted repeat sales (WRS) index (Case and Shiller (198@)Yeduce errors-in-variables issues,
they randomly partition their sample of transactions imto groups and obtain two corresponding
WRS indices for each of the four cities. They then regresstgug observations on the annual
return in one index on the one-year lagged annual returneobther index. This approach, which
can be seen as instrumental variables (1V), produces densisalbeit biased, estimates of the
autoregressive coeffici.Case and Shiller (1989) document substantial predictabilreal and
excess returns to housing, with predictiké ranging from 0.11 to as high as 0.48 corresponding
to average trading profits between 1% and 3%. They also findétrharder to forecast individual
properties returns using the city-wide index, due to thgdamount of noise-to-signal ratio in such
data. Out-of-sample performance deteriorates consitjedak to measurement error in estimating
the aggregate index using only a subset of the sample. Mergitne random partitioning approach

implies that the estimates and forecasts will change if wex #he partitioning of the data.

Hill, Sirmans, and Knight (1999) and Schindler (2011) pdevsome additional evidence on
the Case and Shiller (1989) data. Hill, Sirmans, and Knig®90) reject the hypothesis of a
random walk in these price series using the methodologylin$irmans, and Knight (1997). The
test is based on the idea that a random walk process for psicakl induce heteroskedasticity
in repeat-sales indices. They also show that the GLS proeaxdiCase and Shiller (1989) can be
improved upon by accounting for a stationary, autoregvessamponent in house prices. Schindler
(2011) provides recent evidence of predictability in the&&hiller real and nominal log nhominal
price changes, computed for the national and 20 metropcditaas indices. He uses parametric
variance-ratio tests of serial correlation and non-patemeests of independence in the series.

Not surprisingly, he finds strong evidence for dependentieerprice changes, with some indices

2"To reduce the bias arising from noisy instruments, Kuo (1@®6poses an alternative Bayesian approach to estimat&é2) Anodel based on
repeat-sales. His setup explicitly models the unknownitrdizes as random variables and hence does not necessittit®ping the repeat-sales
sample. The corresponding posterior means of the AR(2)icieefts suggest that repeat-sales indices are more depethd® what found in
previous studies.
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exhibiting strong positive autocorrelation even at 24 rhbntags. Perhaps more surprising is
his finding that, after comparing different buy-and-hold aynamic trading strategies, the author
concludes that in some markets the persistence in the dei@ésenough to be exploitable. It is
worth mentioning that the markets with the largest gainsftbe trading strategies — Los Angeles,
Las Vegas San Diego, and San Francisco — are also the mdnketsaive exhibited the largest

bubbles. Hence, it is not clear whether these strategietMane equally well out-of-sample.

Gu (2002) studies the autocorrelation properties of qugnteturns to the Conventional Mort-
gage Home Price Index (CMHPI) for all U.S. states, the Distsf Columbia, nine Census Divi-
sions, and an aggregate index for the US during the 1975-{1&%8d. He finds that the degree of
persistence and the sign of correlation varies geogralphaswell as over time. The instability
of the results across locations and different time periaggsst that the significant noise in real
estate data renders inference unreliable. This is paatigurue since most datasets have relatively
few time-series observations. The findings in Gu (2002) ptsat to the difficulty of comparing
the results of weak-form efficiency studies in real estaiegisformation from different markets,
datasets (some aggregated, others not), sample periabsiethodologies. Given the heterogene-
ity in the asset and the imperfection of the data, it is nopgsing to find heterogeneity in the

results.

A growing literature uses regime switching models to capt@al estate price dynam@.
In a regime switching model, the time-series properties sérges depend on the realization of
an underlying state variable. The prolonged booms and biist<characterize real estate prices
therefore represent a natural framework of applicﬁon\/loreover, it is reasonable to expect
substantial variation in regimes across different areabsmoperty types owing to the reliance
of real estate to local economic and geographic conditi@tsfts in house price dynamics may
arise, for example, because of a changing relationshipdstwiousing, income, and interest rates
(see e.g. Muellbauer and Murphy (1997), Boz and Mendoza(R@ihd Favilukis, Ludvigson, and

Van Nieuwerburgh (2011)) or from the interaction betweerddrconstrained households, lenders,

28Following the influential work of Hamilton (1989), regime whing models have been extensively used in the macroesicnand finance
literature to capture nonlinearities in exchange rategéEand Hamilton (1990)), interest rates (Gray (1996), Gaand Perron (1996), Bansal and
Zhou (2002)), stock returns (Perez-Quiros and Timmerma@aX), Granger and Hyung (2004), Guidolin and Timmermaf082), GDP growth
(Diebold and Rudebusch (1999)), and GNP growth (Hamilt®@89)).

29Using Monte Carlo simulations, Van Norden and Vigfussond@)9provide evidence that regime-switching tests for beslsiuffer from a
downward bias distortion even with relatively large sarapld.e., they reject the null of no bubble too often — but digmonsiderable power in
detecting nonstationarities. This makes them suitablepbuce the persistent real estate cycles.
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and developers (Spiegel (200@).

Theoretically, the entire conditional density of a process/ depend on the current state re-
alization. In practice, for tractability, the empirical@gations have mainly adopted first-order

autoregressive regime switching models:
T = Cs, + Q711 + € (7)

wheree, ~ N(0,02). In this context, returns follow an AR(1) process whoseriept, slope,
and error variance depend on the realization of the regimabla s,. Thus, the data-generating
process is subject to jumps in the unconditional mean, gtersie, and level of volatility. The
choice of the number of regimesthat better describes the data is usually chosen by liketiho
ratio tests or information criteria. However, due to theilamlity of relatively short time-series,
most of the existing studies rely on low-order models witlo twr three regimes (Crawford and
Fratantoni (2003)). The fact that prices of direct invesitaen real estate are available at low
frequency — monthly, at the very best — also complicates ¢ection of short-lived regimes. The

estimates are obtained using maximum likelihood (Hami(t994)).

Among the empirical studies, Crawford and Fratantoni (3@@8npare the in-sample and out-
of-sample forecasting performance of regime switching ef®tb that of ARIMA processes and
GARCH models on the annualized growth rates in the statg-@¥FHEO quarterly return series
from 1979 until 2001. Their approach parallels that of P&peiros and Timmermann (2001) for
the stock market. The authors document considerable lyeteedty in the time-series properties
of residential returns across states. For example, pasingeexplain only 6% of the variance
of returns to Ohio but about 75% in the case of California. iTtata exhibits a strong degree
of persistence and nonlinearity in the volatility procedsali is modeled as an EGARCH. They
also observe that the time-series patterns seem to be baptieired by a two-states regime model,
which deliver much lower in-sample RMSEs aRél Out-of-sample, however, ARMA models dis-
play better forecasting pr(gyerties (lower MSFE), probalig to the tendency of regime switching

models to overfit in-sample. Interestingly, this last finding is consistent with Gu (2p82nalysis

30Similarly, Guirguis, Giannikos, and Anderson (2005) finitlewce of parameters instability in the relationship betweeal estate prices and
the fraction of the population aged between 25 and 35, reglodable income, stock of owner occupied dwellings, theaeo nominal capital
gains, the nominal post-tax mortgage interest rate. Theeypret this fact as evidence of structural changes andestigige use of time-varying
coefficient methods coupled with Kalman filter.

3lperez-Quiros and Timmermann (2001) document that even thieetiata are generated by a regime switching process, sanfileegressive
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on CMHPI data.

Another stream of papers makes a connection between a higieedef positive serial correla-
tion in returns and bubbles in real estate markets. For ebg@yourko and Voith (1992) analyze
autocorrelation in median house prices for 56 MSAs during1t9989. They find significant dif-
ferences in autocorrelations across areas, which thespnetteas evidence of market inefficiency.
At the same time, they argue that a global component driwédartial prices and that “the national
economy strongly influences local housing markets.” Glagsgourko, and Saiz (2008) use the
FHFA/OFHEO data to show that large price increases in resi@eroperties were almost entirely
experienced in cities where housing supply is more inalastience, they argue that boom-bust

housing cycles are largely driven by housing supply rathen tdemand shocks.

The stylized facts that emerge from this literature caneftge be summarized as follows: (i)
most residential indices exhibit serial correlation in fwgce changes; (i) the serial correlation is
positive at horizons up to a few years; (iii) at longer hongpwe observe a reversal, or a negative
serial correlation in returns; (iv) the economic significarmf this serial correlation and whether it

can be exploited by market participants is still an open tijoles

To illustrate these findings, we run simple autoregressstst which are mostly descriptive in
nature. The goal is to replicate some of the key dynamicgmatiabove for returns in the aggregate
residential and commercial real estate markets. As we dwve access to the disaggregated
data used in the construction of the indices, we cannotaaglithe more involved estimation

specifications. We consider the following long-horizonresgion:

Tepraer = () + B(T) 11t + €ttt (8)

wherer,, 1.7 is the log change of a price index ovEperiods. Fofl’ = 1, equation[(B) collapses
to an AR(1) model. Long-horizon return regressidds (8) aedurequently in empirical finance
to investigate the behavior or equity returns at variouszoos (e.g., Fama and French (1988a)).
Versions have also been used in the residential real estattatire by Guntermann and Smith
(1987) and in the commercial real estate literature by Rldpzous, and Valkanov (2010). Under

the null hypothesis that the price process has no predet@bhponent3(7) should be zero at

models may provide better short-term forecasts.
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all horizons. Deviations from the null hypothesis imply tthiaere are predictable dynamics at

different horizons.

In Figure[3, we provide the results from this regressiomeatied for four indices, two residen-
tial and two commercial. We choose indices that exhibita@idegrees of serial correlation. For
residential, we use the median and FHFA/OFHEO in@:wﬂereas for commercial, the compre-
hensive TBI and REIT indices. For all regressions, we pletld#ast squares estimatesifl’),

T =1,...,48 months with a solid line along with 2 times the Newey and W&88{) standard er-
rors (dotted line), based dhlags. The Census median index exhibits negative seriatledion at
short horizons. As the horizon increases, the correlatiomstpositive between 12 and 24 months
and then reverts to zero. With the exception of the shorizbarnegative correlation, we cannot
reject the null that the Census median forecast changeshacgralated. The picture is quite dif-
ferent for the repeat-sales FHFA/OFHEO data. We observ@agstiegree of serial correlation at
short and medium horizons. TIT") estimates are positive and significant for horizons up to 30

months. Then, the serial correlation turns negative bugimfcant.

The TBI index is not serially correlated at the very shortimn. The estimates of(7") turn
significantly positive for horizons between 6 and 18 moniitgen, similarly to the FHFA/OFHEO
index, we observe a reversal and a negative, albeit notfwigni, correlation in long-horizon
returns. Finally, the REIT index exhibits a positive butigmsficant correlation at the one-month
horizon, which is typical for small-cap stocks (Campbelg, land MacKinlay (1997)). As the
horizon increases, we notice a negative drift in the esemathich turns significant after about
30 months. This is consistent with the model in Fama and Fréb@38a) who show that in the
presence of a small mean reverting component in returngdtimate of5(7") will be negative
at long horizons. This evidence supports the presence ol pmadictable component in REIT

prices.

The results in Figurél3 show the main salient findings in tted estate literature, namely
positive serial correlation in the price changes at shorizbas of up to 2-3 years and reversals
at horizons beyond 3 years. In the case of the FHFA/OFHEO #&idntices, the positive serial

correlation is due partly to the construction of the indexdescussed in sectign 2.1, and partly to

32The Case-Shiller is even more serially correlated than tHEAFOFHEOQ index. This is due to its construction, which skethree-month
average of an underlying repeat-sales index.
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market inefficiencies in real estate markets. The constmuctf an index that captures a quality-
adjusted price without introducing artificial dynamics @ns an important topic of research. The
current indices, especially those that are filtered, arecggpijate for capturing the state of the
real estate market. However, their excessive serial @ioal does not make them suitable for
forecasting exercises. Moreover, the majority of the ssidited above reach the conclusion that

high transaction costs render the observed predictabiity to exploit by market participants.

3.2 Predictability Based on Valuation Ratios

Valuation ratios, such as the dividend-price, the bookatoket, and the earnings-price, have a
long-standing tradition as predictors of equity returree(Rapach and Zhou (2012) in this Hand-
book and references therein). Analogous ratios have bemhinghe real estate literature, some
of which are the rent-to-price (Hamilton and Schwab (1988ese and Wallace (1994), Gelt-
ner and Mei (1995), Capozza and Seguin (1996), CampbellisP&allin, and Martin (2009),
Himmelberg, Mayer, and Sinai (2005), Gallin (2008), PlaZzrous, and Valkanov (2010)), the
loan-to-value (Lamont and Stein (1999)), and the priceatmme ratio (see, e.g., Malpezzi (1990),
(1999)). The economic reason for the use of ratios as padiof future returns is straightforward
and hinges on the plausible assumption that the variabkgstosform the ratios are co-integrated
in logs (Engle and Granger (1987)). To see that, considefopeent-price ratio. If log rents
and log prices are co-integrated, then the log rent-prite naust be a mean-reverting process. If
at timet, the ratio is higher than its unconditional mean, the meaarston implies that either
expected returns would be high or that expected growth itsnenuld be low, or a combination
of the two (Campbell, Davis, Gallin, and Martin (2009), RliaZlorous, and Valkanov (2010)).

Similar logic applies to most valuation ratios.

To understand the appeal of the rent-price ratio to foreeiéisér future rent growth or future
returns, it is useful to introduce some notation. Egtdenote rents net of all operating expenses
of a property and®, denotes its current price. Then the rent-price ratiffisP, and we denote its
log transformation byip; = In(H,) — In(F,). It is also known as the capitalization, or cap, rate
of the property. We will use the terms rent-price ratio angl e interchangeably from now on.
Following Campbell and Shiller (1988), Campbell, DavisJllBaand Martin (2009) and Plazzi,
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Torous, and Valkanov (2010) show that; can be expressed as

[e.e]
Z P T4

J=0

hp, = k + E; - E;

> ijht+1+j] (©)
j=0

wherer;4; is the future return of the property\h,.,.; is the future growth in its rents, arid
andp are linearization constants. In other words, fluctuationthe log cap rate must be able to

predict either future returns, or future growth in rentsboth.

Expression[(9) is the basis for the following long-horizegnessions:

Tty1:4+T = BT(T)hpt‘i‘T;rl:tJrT (10)

Ahpiygrr = 5d(T)hpt+7'fl+1:t+T (11)

wherer, 1.7 = Zszerj andAhy 1.7 = ZszlAhtH approximate, respectively, the first and
second term in[(9) for a Iargfé” These approximations are appealing becayse, .+ and
Ahy 1447 represent the lo@-period return and rent growth, respectively. The forengstegres-
sion are estimated at various horizons, ranging from onegér = 1) to several years ahead. The
framework above has been used to investigate predictabflitesidential, commercial, and REIT
returns. Given the extensive literature about REITs, wetiemore attention to that literature in a

separate section.

One might wonder why should the cap rate alone predict furakestate returns. Shouldn’t
other variables, such as construction costs, local ecancomditions, zoning laws, and demo-
graphic trends be part of the set of explanatory variablds® assumption that the cap rate is the
only conditioning variable is equivalent to assuming tHabther economic factors are success-
fully summarized by that one quantity. In other words, tl@ga captures all relevant economic
fluctuations and it is the sole state variable. To the extaitdome of the current economic infor-

mation is not embedded in that ratio, the model will be mistjesl.

Most of the literature focuses on return (or price appréemmtpredictability in expression
(@Jd). A notable exception is the work of Hamilton and Schwa®86). The authors use a semi-

logarithmic hedonic model to estimate the rent and valu@ostant quality properties in 49 urban

33The constanp is usually close to unity.
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housing markets surveyed by the Annual Housing Survey imtlie1970s. They then explore
the ability of the rent-price ratio to forecast future grbwvr rents. They find a significant negative
relation between the rent-price ratio (not in logs) andeigrowth in rents. Using aggregate REIT

data, our regressions support their findings (sectibn (4)).

Meese and Wallace (1994), Capozza and Seguin (1996), Ga008), and Campbell, Davis,
Gallin, and Martin (2009) are some of the studies testingdturn predictability within the above
framework while Himmelberg, Mayer, and Sinai (2005) offeslightly broader approach. Gallin
(2008) estimates equatioris {10) ahd|(11) using quartepgatesales index data from 1970:Q1
to 2005:Q4. The two equations are estimated separatelysy&ars-ahead horizon%' (= 16).

He finds that the rent-price ratio has a positive relatiomititure returns and a negative relation
with future rent growth rates, as predicted by expressidn 9 his work, the coefficient,(T")

in the rent growth regression is statistically significamhereass,(7") in the return regression is
not. Hence, from an statistical perspective, the evidecerd-price predicting future returns is
tenuous. Meese and Wallace (1994) formulate a differebtvieish they carry out with transaction
level data for Alameda and San Francisco counties in Nart@alifornia. They find evidence
of short-run violations but long-run consistency with thegent value relation and argue that
high transaction costs might be the reason behind the difters across horizons. Capozza and
Seguin (1996) point out that the predictive power of the e Is best observed once they account
for other cross-sectional differences in rental versusesvatcupied housing. They use a pooled
sample of 64 metropolitan areas across the US from 1960 1@ 49 most of the data is from the

decennial Census of Housing and Population.

In a recent work, Campbell, Davis, Gallin, and Martin (20@%0 use expressionl(9) as a
starting point of their analysis. Rather than assuming filnaire returns are an adequate proxy
for expected returns, the authors follows Campbell (199ib) @se vector autoregression (VAR)
to forecast the future quantities inl (9). One of the foraogstariables is the log rent-price ra-
tio. Based on the VAR estimates, they document predictaéf@tons in expected returns and
expected rent growth for 23 metropolitan markets, fouraegi markets, and the national housing
market over the 1975-2007 period with quarterly data. Gaast with the results of Gallin (2008),
the rent-price ratio explains a larger fraction of the Vaitity of expected returns than of expected

rent growth. This is true for the entire sample and even duthie boom subsample of 1997-2007.
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However, the statistical significance of the return predidity is not compelling. Interestingly, the
Campbell, Davis, Gallin, and Martin (2009) real estate ltssare very similar to those of Camp-
bell (1991) for the US stock market, which suggests thattisea higher degree of commonality

between the two markets.

To illustrate the degree of real estate predictability by libg rent-price ratio, we run short-
horizon equivalents of regressidn [10). The data is samgllepiarterly frequency and = 1,
which implies that we forecast returns one quarter aheadni@llede the lagged return in addition
to the lagged log rent-price ratio in the regressions bexatithe high degree of serial correlation
documented in the previous section. The regressions ansatstl for residential properties with
the Census, Case-Shiller, and FHFA/OFHEO databases, amdrfamercial properties with the
NCREIF, TBI, and REIT indices.

The residential results are presented in Table 4, Pa@lVBhen included as a stand-alone
variable, the log rent-price ratio is a rather weak prediofduture returns for all three series. The
coefficient is positive for the Census and FHFA/OFEHO sdbigsis far from being statistically
significant, and is essentially zero for the Case-Shilleleia In the subsequent specification,
we add lagged returns as a control variable. The results frenCensus data are now the most
discouraging, from a predictability perspective. The pestimate for lagged log rent-price ratio
is 0.008 with a Newey-West-statistic of0.255. This lack of predictability might be due to the fact
that the Census median returns series do not adjust for tléygaf properties. Some evidence
pointing in that direction is presented in the next subsectrhe Case-Shiller and FHFA/OFHEO
estimates are positive, as suggested by Malpezzi (1999 }ktitiustatistically insignificant. The
large R?s of 0.559 and0.409 are mostly due to the serial correlation in returns, whicteigtured

by the lagged return term,

In Table[5, we display the predictive regressions resultscéonmercial real estate returns
based on quarterly observations over the same 1991:Q2Q0Xferiod. The specifications are
directly comparable with those for residential properire$ablel4, and the results are very much
in agreement. More precisely, we observe a positive reldigtween the log rent-price ratio and
future commercial real estate returns. While the pointnesties are slightly larger for all three

indices, and especially for the TBI, the Newey-Westatistics are in the range 6f0.121 to

34We cannot run the residential regressions at monthly hesizbecause the rent-price ratio data is only availableteysar
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1.494 when no other conditioning variables are included and irréimnge 0f0.964 to 1.532 when
controlling for lagged returns. The inability to reject thell of no predictability might be due to

a lack of power of our test, especially given the presenceenin the returns series. We will be
able to explore the lack of power direction a bit further ie ttase of REITs, as we have market-
based monthly observations over a longer time span. In swesetresults suggest that while there
is a positive relation between the log rent-price ratio aridre returns, as suggested by expression
(6), it is not statistically significant in our samples. Adtadly, short-horizon predictability, even

if it were present, is hard to detect in real estate indicasdhe so serially correlated.

The price-income ratio is suggested by Malpezzi (1999) athan predictor of real estate price
changes. The underlying assumption behind this approatie igresence of an equilibrium rela-
tionship between house prices and household income. A tempdeviation of the price-income
ratio above its long-run mean implies that either futuregsiwill have to come down, the income
level has to increase, or both. Malpezzi tests this preatiabin repeat-sales and hedonic indexes
on residential housing data at the MSA level. He documerasdlone-unit increase in the dis-
tance between the price-income ratio and its equilibriuvellées associated with a 2.7% drop in
housing prices in the subsequent year. He also finds that adin@bles, such as mortgage rates,
population growth and housing regulations, have an effedtiture prices beyond the lags of the
price-income. For instance, the stringency of the regyagavironment raises prices consistently,
suggesting that supply shocks are important in determihowge price dynamics (Glaeser, Gy-
ourko, and Saiz (2008)). An inelastic housing supply is alsggested by the evidence that higher
growth rates of population and income are associated withidprice changes. The effect of sup-
ply shocks, however, hinges crucially on the assumptiontdhe ability of households to move. If
this can happen freely, shocks to supply do not have an ingpatladbuse prices (Van Nieuwerburgh

and Weill (2010)). Finally, higher mortgage rates predgtér price changes.

The vast majority of studies on real estate predictabiliyneate regressions (10) and/brl(11)
by OLS, equation by equation. However, if future returns aridre rent growth are correlated
(and there is no reason to believe that they are not), theatiegquby-equation OLS regressions
suffer from an omitted-variables bias. This argument hanlbeade by Lettau and Ludvigson
(2001) and Koijen and Van Binsbergen (2010) in the contestadk returns. The reason is that, in

the presence of a correlation, the rent-to-price ratio tsaofiicient to capture the time variation in
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the predicted variables and may understate their degremefariation. The same point has been
made by Plazzi, Torous, and Valkanov (2010) in the case ohoertial real estate predictability.
To circumvent this issue, Plazzi, Torous, and Valkanov @@bksume a first-order autoregressive
process for the unobserved expected returns and expeciegrosvth and link it to the reduced
form OLS regression coefficient in the rent-to-price raégression. They estimate the parameters
of the underlying processes on a panel of quarterly retwregpartments, industrial properties,
offices, and retail properties for 53 MSAs over the 1994-20830d. Because of the added struc-
ture in the predictive regressions, they are able to idgatifd estimate substantial variations in
both expected returns and expected rent growth in the teriessand across property types (in the

2%-20% range).

While the use of valuation ratios in predictive regressioas its appeal, an obvious drawback
is that the predictive ratio might not be capturing all tinagiation in the conditioning information
set. This is yet another reason to suspect that the resul®uti regressions may suffer from
omitted-variable bias. But even if a ratio were a sufficiatqy for the time variation in economic
conditions, the reduced form version of regressionk (16)af) do not allow us to understand the
economic forces that are behind the predictive relationhésforecastability due to demographic
changes or other demand shocks? Or is it driven by supplykshaach as tighter real estate
regulations and zoning laws? What role, if any, do slowljuating construction costs play? Those
guestions can only be answered if additional conditionengables are introduced in the predictive

regressions.

3.3 Predictability Based on Economic Variables

There is considerable evidence that economic variableser than past returns or valuation ratios,
are associated with future appreciations in property &wlas shown by Rosen (1984), Linneman
(1986), Skantz and Strickland (1987), Case and Shiller@,9%braham and Hendershott (1996),
Pace, Barry, Gilley, and Sirmans (2000), MacKinnon and AhZa (2009), and Plazzi, Torous, and
Valkanov (2010), among others. The empirical framework ostrof these papers is the predictive
regression[(6) with conditioning informatiaX; that includes demographic variables (population

growth, percentage of population within a certain age)oime and employment variables, con-
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struction costs, housing starts, tax rates, zoning réistng, and other regulatory variables. The
selection of the conditioning information is dictated by thata, the level of aggregation, and the

methodology.

Linneman (1986) uses data from the Annual Housing Surveyh®Philadelphia residential
market in 1975 and 1978 to test whether a wide set of propédyacteristics are associated with
future changes in property values. He first regresses 1%i8ergtial values on a broad set of
structural and neighborhood characteristics. This fiegt & the estimation of a hedonic model on
a set of property-specific variables. The author interghetsesiduals, i.e. the difference between
the market and the estimated values, as market mispridiagstive residuals are an indication that
a property is “overvalued” relative to the model. Linnem&88&6) finds that the 1975 residuals are
significantly correlated with 1978 property prices. He iptets this as a test of semi-strong form
of market efficiency, but argues that the correlation is aocgé enough to cover the transaction
costs associated with residential real estate, which lseesgtal to a proportional round-trip 12%

annual fee. Thus, he concludes that the market was semigsgfticient.

Linneman’s (1986) work is one of the first to document peesisé in changes in residential
values. However, it is not a predictive model in the strictsseof the term. In regressidd (6), we are
looking to relate systematic changesXpwith future returns. Most of the property characteristics
in his hedonic model are fixed-effects and do not change witk.t Rather, this is a good test
of the validity of a hedonic model. The documented correfathetween the model mispricings
and subsequent values might be an indication that eithemtbael is misspecified or that the
Philadelphia real estate market was slow to incorporatetibdow prices of the property attributes
into the market valuation. The lack of additional years cf@tvations does not unfortunately allow

the author to look into the time-series properties of thepneengs.

In an interesting study, Skantz and Strickland (1987) ingase house price dynamics follow-
ing an unexpected disaster, Houston’s widespread flood lgr28u 1979, which affected several
subdivisions of the city. The authors compare values in fat&fd subdivision to another one that
did not directly suffer from the flood. Akin to an event-stuelyercise, their goal is to compare
home values in affected and unaffected subdivisions prd-past-flood. To estimate quality-
adjusted prices, they use a hedonic regression of valueguamesfootage, lot size, time, age, and a

dummy for type of financing. They find that prices in the floodatdivision did not decrease im-
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mediately after the flood, which suggests that residentikles already reflected the higher flood
risk. They also document that house prices started to adpshwards a year after the event,
mainly because of an increase in flood insurance premia. ddtatat, net of insurance premia
costs, home prices are not affected by a natural disasteoispelling evidence in favor of market

efficiency.

Case and Shiller (1990) test for predictability in the esctstal returns (returns minus the
Thill rate) of four metropolitan areas (Atlanta, Chicag@llas, San Francisco) with a number of
conditioning variables including lagged returns. The metdata is computed from repeat-sales
indices, rental data from the 1970 Census, and resideatiafrom the Bureau of Labor Statistics.
The larger information set allows the authors to test a geowersion of the market efficiency
hypothesis than in Case and Shiller (1989). The datasetgsaterly frequency, from 1970 to
1986. The conditioning variables, the majority of which available at metropolitan level, are:
the rent-price ratio, the mortgage payment-income ratbostruction costs-price ratio, employ-
ment growth rate, real per capital income growth, growtle ratconstruction costs, percentage
change in adult population (between ages 25 and 44), themge change in marginal tax rate,
and housing starts divided by the population. The forexgstariable of interest is the excess re-
turn over the next four-quarters. Case and Shiller (1996\ghat the economic predictors are able
to capture a significant fraction of the fluctuations in fetueal estate returns; their fully-specified
predictive regressions have @3 of 0.336 to as much as 0.615 (their Tables 7, 8, and 9). From
the included variables, real per capita income growth ardrtbrease in the adult population are
strongly positively related with future annual excessmetu The sign is consistent with economic
intuition, namely, improved economic conditions and derapbic booms both put demand pres-
sure on house prices. Two measures of fundamental valu@riterent ratio and construction
costs divided by price, also forecast future returns witlositpve sign. To put things in perspec-
tive, the rent-price ratio alone has an in-sampteof 0.109 (Tables 8 and 9). Variables such as the
growth rate of employment, marginal individual income tater and houses starts are also found
to be important predictors. Overall, the addition of cohtrariables increases the in-samgté
from about 10% to as much as 60%, thus rejecting the hypatbésai semi-strongly efficient mar-
ket. Their analysis is, however, in-sample and the poolgression (across cities) use overlapping

observations and do not explicitly account for cross-seeti correlation in the residuals.
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Abraham and Hendershott (1996) explore the systematiaggiaddity patterns of residential
properties and link them to supply shocks. They expressrhety in real estate prices as a linear
function of lagged state variables such as the growth inaeas$truction costs, the growth in real
income per working age adult, the growth in employment, &edthange in real after-tax rate. The
error term of this regression is interpreted as a deviatiomfa market equilibrium and, therefore,
a proxy for a bubble as it reflects adjustment dynamics ana wiaise. Working on the repeat-
sales house price indices from Freddie Mac-Fannie Mae fM38s, they find that coastal and
inland cities respond quite differently to the conditiompwariables. Deviations from equilibrium
values, or bubbles, are more pronounced in those marketsr fEsults imply that predictability
in the residential market is to some degree related to measditocal supply elasticity such as the

availability of desirable land.

The papers thus far have focused on predictability in theleesial market. Similar studies
have been conducted with commercial real estate data. B@mice, MacKinnon and Al Zaman
(2009) analyze the predictability of returns to direct resiate investment, proxied by the TBI
index, and REITs in the context of a long-horizon asset atioa problen@ Their in-sample
analysis reveals that TBI returns are predictable by veesabuch as lagged REIT returns, bond
returns, and the T-bill interest rate, while cap rates angleyment growth show only limited pre-
dictive power. This result is noteworthy especially beeaas we saw in Tablel(2), price changes
in the TBI index are close to uncorrelated. The mean-repersi direct real estate investment
makes it a less risky asset for long-horizon investors. Aesallt, for reasonable target values
of the total portfolio expected return, the fraction of wkahvested in commercial properties is
found to be no lower than 17%. Interestingly, in their apgiicn, the correlation between REITs
and TBI returns is high enough to make REITs a redundant akset when investors have access

to direct investment in commercial properties.

The interaction between prices, vacancy rates, transectiolume, housing stock, and rents
have also been investigated. For example, Wheaton and [I#88) consider deviations from
equilibrium and adjustment dynamics between vacancy ams re the office market. They find
a statistically significant and qualitatively strong redaship between current excess vacancy and

future real rent changes, even when accounting for thelpiigsin trends in the structural vacancy

35For a recent investigation on the European market, see Eag@&uidolin, and Nicodano (2007).
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rates. The estimated equation is then used to forecasesixahead vacancy rates and a decline
in office rents. Zhong-Guo (1997) uses a vector autoregneg¥AR) error correction model to
analyze the joint relationship between sales volume andaneshles prices from the National
Association of Realtors. Granger-causality tests inditaat sales affect price significantly, but
home prices affect sales only weakly. Zhong-Guo (1997) g@ostep further and provides out-of-
sample evidence for the 1991-1994 period based on recwsiveation of the VAR, which is quite
unusual in the real estate literature. He documents suiatpredictive power for both median
prices (?? = 0.86) and sales? = 0.77). The demand for rental housing may also be affected
by legislative reforms. DiPasquale and Wheaton (1994) sihatvthe Tax Reform Act of 1986
had economically significant supply and demand effects erréhtal properties markets. Based
on their estimates, they predicted that, over the next tamsyeeal rents should have increased
by 8 percent as a direct result of the legislation. These rusnare economically meaningful,

especially given the low variability of rents over the deeagreceding the 1986 legislation.

Evidence for predictability in commercial real estate retuand rent growth is also provided
by Plazzi, Torous, and Valkanov (2010) using three priniagpanponents extracted from the level
and change in population, employment, per-capita income,canstruction costs. In particular,
either the first or first and second principal components -€whoad on the level and growth in
population and income as well as on construction costs -oar&lfto be significant at the 1% level
or better across all four property types. When the cap raleaaoastal dummy are also included,
the adjustedz? in the returns predictive regressions range from 17% (fficex) to 37% for retail
properties. In the rental growth predictive regressioms adjustedz? are from 8% for offices to
14% for apartments. Interestingly, the cap rate remainsfggnt even after the inclusion of these
principal components, which suggests that the valuatitio fais truly capturing time-varying
dynamics rather than mere cross-sectional differencessi€ent with the findings in Abraham
and Hendershott (1996), Plazzi, Torous, and Valkanov (R8aGument cross-sectional differences
in predictability depending on density and land-use retstms. Evidence of return predictability
is drawn primarily from locations characterized by lowepplation density and less stringent
land-use restrictions. By contrast, rent growth predititghis more likely observed in locations

characterized by higher population density and more sdartkuse restrictions.

We revisit the predictability of aggregate real estatedadiby conditioning variables other
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than lagged returns or log rent-price ratio. Panels A and Babfe[4 present various specifications
of regression[(6), estimated with monthly and quarterlydestial data. In Panel A, we observe
that the inclusion of the stock market’s dividend-pricea#édp,,), which is a proxy for the state of
the equity market, has a negative effect on future residergiurns. The effect is statistically sig-
nificant for the Case-Shiller and FHFA/OHFEO indices. THatree T-Bill rate and the Cochrane
and Piazzesi (2005) bond factor are significant for the repalas indices. In the fourth, most
comprehensive specification, the inclusion of lagged nstand all other economic variables re-
veals that, at monthly horizons, the data is simply too #grtarrelated for any of the additional

predictors to be statistically significant.

In the quarterly predictability regressions, Panel B ofl&&h we observe that several economic
variables are statistically significant in explaining figdluctuations in real estate price changes.
More specifically, for the Case-Shiller index, the stockdke#is dividend-price ratio, the relative
T-Bill rate, inflation, and the Cochrane and Piazzesi (2025)d factor are significant at the 10%
confidence level or better. The results for the FHFA/OFHE® samilar, albeit less significant.
In all specifications, the log rent-price ratio is insigrdgint. Also, the Census median price index

remains the least forecastable of the three indices.

In Table[5, we present the equivalent results for commepei@berties at quarterly frequency.
As in the previous table, the stock market’s log dividend@ritio is negative and significantly re-
lated to future returns of the NCREIF and TBI indices. In thied specification of the regressions,
higher industrial production growth leads to higher futchanges in the same two indices. In the
case of NCREIF, the term spread is also statistically sicgnifi but its point estimate is negative.
The NCREIF is the most forecastable index, with as much & géxcent of its changes being
predicted, in-sample, by the economic variables. For th {8 explanatory power drops to 25.5
percent. REIT returns are the least predictable, as thé gxiplanatory power of all predictor

yields an adjusted? of 15.4 percent.

A recurring theme in the extant real estate literature it tthe predictability of returns varies
across geographic regions (e.g., Case and Shiller (198@ur&o and Voith (1992), Abraham and
Hendershott (1996), Gu (2002), Crawford and Fratantond820Fratantoni and Schuh (2003),
Capozza, Hendershott, and Mack (2004), and Hill (2004)a particularly exhaustive study of 62
metropolitan areas from 1979 to 1995, Capozza, HenderstmattMack (2004) note that “the dy-
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namic properties of housing markets are specific to the givemand location being considered.”
The economic sources of heterogeneity in predictive ragras are the same ones that deter-
mine house price dynamics, namely, demographic changgslate®ns and zoning restrictions,
local economic conditions, as well as heterogeneous reggdo global macro-economic shocks.
While differences in datasets, variable definitions, andhaologies make it hard to compare
results across studies, quantifying the predictive ghdaiteconomic variables across metropolitan

areas is of clear interest.

To illustrate the cross-sectional differences, we run jote@ regressions similar to the ones
discussed in Tablés 4 aht 5, but with MSA-level (rather thational) indices. To do so, we com-
pute quarterly log price changes of 25 MSA regions from FHBAFEO over the 1991-2010 pe-
riod. For each region, we regress the one-period-aheagl ghenges on the same set of condition-
ing variables that were used in Table 4. In other words, we2BIMSA-level regressions, whose
coefficient estimates;statistics, andzs are comparable to those for the aggregate FHFA/OFHEO
index, reported in the very last column of Table 4. Rathen tiadulating a large number of statis-
tics, in Figurd 4, we summarize the average predictive aoeffis on each variable across regions
(top-left panel), the averagestatistics (top right), the number of significant coeffitie across

regions (bottom left), and the averagjé (bottom right).

The average coefficient on lagged returns is about 0.2, withverage-statistic of nearly
2, and is statistically significant in 13 out of the 25 metripo areas. Interestingly, the most
strongly significant predictors in the top-right panel —ldxgged return, the market dividend-price
ratio, and the RTB — are the same ones that were significahieimdggregate regressions (Table
). Here, an additional predictor, the CP factor, displageraparable importance. The same four
variables appear as the most frequently significant acretsopolitan areas, with the addition of
inflation, suggesting that their averagstatistics are not driven by a few outliers. The fact that
inflation and industrial production do not reach (on aveyagatistical significance might indicate
the need for MSA-specific measures of economic activity. @gressions, which are designed
to capture common movements across MSAs price changesuieetize predictors are the same
across MSAs), show that at least some of the time-variatiaesidential returns is attributable
to systematic, market-wide fluctuations. Abraham and Hesfatet (1996), Capozza, Hendershott,
and Mack (2004), and Del Negro and Otrok (2007) report sirfiil@ings. The averagg? is 49%,
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in line with the 48% value documented for the national seriBlsere is, however, considerable
dispersion in the individual regressioi¥ (bottom-right plot), ranging from 25% for St. Louis,

MO-IL to as high as 79% for Los Angeles-Long Beach-Glendak,

As a more direct test of the presence of common factors inrb&sesection of 25 MSAs, we
extract the first 10 principal components of their covareantatrix. In the top panel of Figure
B, we plot the fraction of the total variance explained byheatthese components. Strikingly,
the first principal component explains slightly less thafo76f the covariance, while the other
components are much less important. This evidence supgh@tindings in Figurél4 and the
assertion that macro-economic fluctuations are behind sdthe time-variation, at least over our
sample period. Of course, a significant part of the unexpthwvariance is due to local factors.
The bottom panel in the figure displays the fraction explaibg the first component over the
2001 to 2010 period, estimated with a 40-quarter rollingdeiw basis. Interestingly, the common
component increased significantly during the 2008-201@gdeundoubtedly as a result of the bust

of the residential real estate bubble and the subsequentia&risis.

4 REITs

The publicly-traded REIT market holds a special place inrded estate predictability literature.
This is because for a corporation to be considered a REITafoptirposes, it must distribute at
least90 percent of its taxable income as divide@sThis unambiguous link between cash flows
from commercial real estate and dividends makes REITsqoudatily suitable for predictability
tests. On the other hand, REITs are traded on the US stoclaegehare relatively liquid, and

have small transaction costs relative to other real estagstments.

We devote particular attention to REITs for two additioredsons. First, the data is available
at higher frequency and over a longer time span than othesetst This allows us to correct the

parameter estimates for well-known, small-sample biagsésta cast the predictive system in a

36In order to qualify as a REIT, a company must comply with darfaovisions within the U.S. Internal Revenue Code. As negliby the
tax code, a REIT must: Be an entity that is taxable as a catiparaBe managed by a board of directors or trustees; HawesHhhat are fully
transferable; Have no more than 50 percent of its shareshyefdor fewer individuals during the last half of the taxabkay Invest at least 75
percent of its total assets in qualifying real estate asaétich include interests in real property, interests intg@ges on real property, or shares in
other REITs; Derive at least 75 percent of its gross incommm freal estate related services, such as rents from reanyap interest on mortgages
financing real property; Have no more than 25 percent of gstaonsist of stock in taxable REIT subsidiaries; Pay alfynat least 90 percent of
its taxable income in the form of shareholder dividends.
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GMM framework. Cross-equations restrictions, imposedh®y model, may provide further ef-
ficiency gains in the estimation. These improvements wilmately allow us to verify whether
more precise parameter estimates and better in-sampletdiindlly using longer and less noisy
series. Second, the longer sample allows us to investigatg@seudo) out-of-sample performance
of the forecasts. Thus far, most of the discussion had fataeseestimation and in-sample perfor-
mance. However, as is well-known in the stock market fortegdterature, in-sample fit does not
necessarily translate into successful out-of-sampleopadince (Welch and Goyal (2008)). The
disconnect between in-sample and out-of-sample resuikeig due to parameter estimation error,
structural breaks (Rossi (2012) in this Handbook) or momegad model misspecifications. We

investigate the out-of-sample predictability of REITs llgoancorporating some new insights.

The literature on REIT predictability is voluminous. A gattlist of the works on the topic
include Liu and Mei (1992), Mei and Liu (1994), Li and Wang 89, Mei and Gao (1995), Nelling
and Gyourko (1998), Liu and Mei (1998), Brooks and Tsola@B0(), Brooks and Tsolacos
(2003), Serrano and Hoesli (2007), and Serrano and Hodéxli0j2 The empirical approach in

most of these studies can be framed into the following ptegicystem:

Ter1 = o + Brxe + T/ (12)
Adiy = pg + Baze + Ttd—i-l (13)
Tey1 = fho + 0Ty + Tfﬁ (14)

The one-period regressions are sometimes augmented Istigateng the predictability of long-
horizon returns:,1...r = T7'%7_ 7y; and dividend growtt\d, ;1.7 = T7'ST_ | Ad, 5, as in
equations[(1I0) and (11) above. The conditioning variabie usually the log dividend-price ratio.

Multiple predictors are also considered, in which case3,;, andzx; are vectors.

In many instances, the predictey is highly persistent and its innovations are correlatedh wit
the return innovations. In other words,is close to unity and the correlation betwe:gc_iﬁ1 and
7/., Is non-zero. If that were the case, Cavanagh, Elliott, andk5t1995) and Stambaugh (1999)
have shown that the OLS estimator#fis biased. The larger (in absolute value) is the correlation
between the innovations, the larger is the bias. This résolt relevance in real estate predictive

regressions, as the predictor is often a valuation rateTthill rate, or an yield spread, which are
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all persistent. Several approaches of dealing with thelssaatple bias have been suggested in the

literature. We discuss the Stambaugh (1999) bias-cooretilow.

Liu and Mei (1992) is one of the earlier studies to inveseghie predictability of US REIT
returns. Using monthly data from 1972 to 1989, they docurttettthe log cap rate on REITs and
the T-Bill, and to a lesser extent the dividend-price rafithe aggregate stock market, forecast one-
month ahead REIT returns. The corresponding adjuBtefdr REITs at0.175 is found to be much
higher than th®.087 value for the overall market, and comparable toth&5 k2 of a portfolio of
small-cap stocks. This makes economic sense as REITsHal@rage, in the small-caps category
of stocks. In a follow-up study, Mei and Liu (1994) find that niket-timing trading strategies
based on the predictors in Liu and Mei (1992) outperform a#&ug-hold portfolio strategy for
REIT firms in an out-of-sample test. In particular, they ne@m 2?2 of the conditioning model
relative to the unconditional mean @fl 36 for a portfolio of real estate building companies stocks,
and lowerR?s at0.109 and0.083 in the case of the mREIT and eREIT portfolios, respectively.
Similar predictability is however not present for commoockss. In a recent work, Serrano and
Hoesli (2010) document that REITs returns in more matureveglitiestablished REIT markets —
most notably the US, the Netherlands, and Australia — areerpmedicable than are local stock
market returns. Trading strategies based on the foregaggressions outperform a buy-and-hold
benchmark portfolio in all ten countries, and the gains egdée transaction costs in about half of

them. In sum, these studies suggest that predictabilityahestate returns might be exploitable.

Several papers have gone beyond the simple univariategrlfieeecasting models of equa-
tions (12E14). For example, the results in Serrano and H@&07) indicate that neural networks
models outperform linear regressions (time varying caefficregressions and VAR systems) in
forecasting equity REIT returns, when the models jointiglude stock, bond, real estate, size,
and book-to-market factors. Similar findings based on Eemopdata can be found in Brooks and
Tsolacos (2003). Although there is no consensus in thatitee as to what forecasting technique
works best, increasing the complexity of the model seem®ireral to provide some in-sample

improvements in forecasting accuracy.

Performance continuation and reversals are also relatdtetme series properties of asset
returns and have been the subject of many studies in the fal@wonomics literature. For secu-

ritized real estate, Mei and Gao (1995) examine serial gterste of weekly returns and argue that
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a contrarian-based strategy is profitable only if transactiosts are ignored. Analogous results
based on monthly observations can be found in Nelling andugkgpo(1998), who document that
the extant predictability is strongest after 1992 follogvithe major reforms in the REITs market.
Using a filter-based rule, Cooper, Downs, and Pattersord)1€8ow that a contrarian strategy is
in many cases more profitable than its associated executsts.c Graff and Young (1997) use
different frequencies and find positive momentum effectwearly data, evidence of perfor-
mance reversals with monthly data, and no evidence of mamewnt reversals with quarterly
data. Finally, Stevenson (2002) provides internationadewce of momentum effects over short

and medium term horizons, as well as little support for preseersals.

To highlight and update the results we just discussed, wefoegpredictability using the
monthly equity REIT series from the CRSP/Ziman databasenguhe full 1980-2010 period.
We construct monthly dividends using total and withoutidiinds returns as in Fama and French
(1988b). The dividend series is then calculated as sum aifitirent and past 11 months dividends.
The log dividend-price ratio is defined as the log dividendusithe log of the level in the current
month. The left-hand side variables are the real log retachdividend growth, deflated by the
CPI Inde We also look at the results for the REIT portfolios of comganthat hold mainly
apartment buildings (Apt), industrial buildings and offdénd & Off), and retail properties (Rtl),

as they may exhibit different predictability properties.

Tablel6 presents OLS estimates of equationk (12)[add (13)IfREITs, Apt, Ind & Off, and
Rtl. The predictive regressions are estimated over hosizdfi” = {1, 3,6, 12} months. Some
studies compute long-horizon returns by overlapping cewsp returns whereas others consider
non-overlapping windows. We provide both sets of resultandP A displays the estimates for
the return regressions _(12) and Panel B displays those éoditndend-growth regressioh (13).
It is well-known that the persistence of the dividend-pniaéo (¢ in (I4) close to one) and a
negative correlation of the predictor innovations withgbmf returns (correlation of/,, and
rtdfl) induce significant small-sample bias in the OLS estimateegression[(12) (Stambaugh
(1999)). Therefore, the displayed coefficient estimatesdjusted for the small-sample bias using
Stambaugh’s (1999) correction. In the non-overlappingltesthet-statistics are calculating with

Newey and West (1987) standard errors with four lags. In Weelapping data, the number of lags

37Working with nominal or excess returns yield very similasuls.
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equals the number of overlapping observatidhns

In Panel A of Tabld 6, the positive OLS estimatesffat various horizons show that the
log dividend-yield is positively related to future REIT wens. This is true for the entire REIT
portfolio and especially for retail properties. Interagty, industrial and office properties exhibit
little predictability at any horizon. Plazzi, Torous, analkanov (2010) document a similar finding,
namely, that industrial and office property returns are¢last predictable, using a different dataset.
As the horizon increases, we observe an increase inskatistics. For overlapping returns, they
reach customary significance levels at the yearly horiztis fesult supports the claim in previous
studies that returns are predictable at long horizons. Mevyee observe that the non-overlapping
long-horizon results are not significant which raises thesgmlity that the hight-statistics might
be the product of distorted inference, due to the severalsmirelation, induced by the overlap
(Valkanov (2003)).

The OLS estimates gf, in Panel B are negative, as implied by the log-linearized-esgion
(@). The point estimates are larger in magnitude than thoBanel A and, more importantly, they
are statistically significant, with-statistics for overlapping REITs in the3.5 range. For industrial
and office properties, the predictability is even more digaint as the-statistics are about5.
This finding mirrors the Plazzi, Torous, and Valkanov's (@Ddesults that those properties exhibit
the most predictable rent growth rates. It is comforting bgeyve that estimates andtatistics
using overlapping and non-overlapping dividend growtradaeld very similar results. Th&?
in the overlapping and non-overlapping regressiortsador all REITs and as high as4 to 0.5
for industrial and office properties. The strong ability loé tdividend-price ratio to predict REITs
dividend growth rates is in sharp contrast with the findiragsifie aggregate stock market (Lettau
and Van Nieuwerburgh (2008)). This difference may be paattyibutable to the strict payout
policy that makes REITs dividends less prone to artificiabsthing, or to the nature of REIT cash

flows.

The mixed predictability results of returns might be duehte lack of statistical power of our
tests. Recent work by Lettau and Van Nieuwerburgh (2008)sstg that estimation and inference

in long-horizon regressions can be improved by noting thapredictive systerh (12)—(114) implies
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the following time-series restriction relating one-peremd7’-period slope coefficients:

=5 (F5) ane s = (2. (15)

In addition, the Campbell and Shiller (1988) present-vadiemtity imposes a restriction between

the predictive regression coefficients:

Br—Ba=1—p¢ (16)

wherep is the log-linearization coefficient. This expression isimag but a restatement of the fact
that, owing to the variability oflp, we must observe either return predictability, dividenovgh
predictability, or both. These observations suggest tloaerafficient estimates g@f. ands, can be
obtained through a GMM estimator which imposes the aboudectens across different horizons

T, as in Lettau and Van Nieuwerburgh (2008) and Plazzi, Tqrand Valkanov (2010).

In Table[6 we report the one-month coefficieitand,, estimated with GMM using horizons
of {1, 3,6, 12} months. The estimates @f in Panel A remain positive and statistically insignifi-
cant for all REITs and for the various property types. Thawates ofs, (Panel B) are negative
and smaller in magnitude than those in the unrestricted @f&ssions. However, the#statistics
have increased both with overlapping and non-overlappatg.drhe OLS and GMM results point
to the same three conclusions. First, there is a positivédogely insignificant in-sample rela-
tion between the log dividend-price ratio and future resurS8econd, the log dividend-price ratio
forecasts dividend growth rates with a negative sign ancstienates are statistically significant.
Finally, industrial and office properties seem to exhibé kmast returns predictability and the most
dividend growth predictability. This last finding meritsrfiaer attention as it might provide fur-
ther insights about the underlying economic sources behmtrade-off in predictability between

returns and dividend growth rates.

The empirical discussions were thus far framed around mmpga fit in predictive regressions.
However, the ultimate test of such regressions resides @thvein they can produce accurate out-
of-sample forecasts. Recently, the stock market predlitteliterature has found that significant
predictors do not necessarily produce accurate out-opkaforecasts. For instance, Welch and

Goyal (2008) have documented that stock return predictorsotl outperform the simple uncondi-
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tional mean in a (pseudo) out-of-sample comparison. As aureaf relative forecasting accuracy,

Welch and Goyal (2008) use the out-of-sample (as opposedgarmple)r? defined as:

23:1(” - ?tlt—l)

E?:l (ry — Tt\t—l)

wherery,_, and7,,_; are the predicted value and the historical average retaspectively, esti-

mated using information up to and including timme 1.

We take this opportunity to look at the out-of-sample predegpower of conditioning variables
in REIT regressions. In addition to the log dividend-priaga, we consider the same commonly-
used predictors that were discussed in Tables 3 %d/ve conduct the out-of-sample comparison
by splitting the sample in two periods. A first 180-month pdricorresponding to the 1980-1995
sample, is used to estimate first the forecasting model. ,Tthenestimates from that sample are
taken to form the first forecasts of returns and dividend ginder January, 1996. Subsequently,
we include the January 1996 observations to re-estimatentgels and formulate forecasts for
February, 1996 and so on until December, 2010. We do thisradms of 7" = {1, 3,6} months.

Given the limited time-series, longer horizons are not fidass

In Panel A of Tablé 7, we present the monthly in-sample (coluiB”) and out-of-sample
(column “O0S unc”)R?s. The “unc” stands for “unconstrained” to differentiat@gh results
from some constrained ones, discussed below. From the tilwiimif 22,4 in equation [(17),
positive values imply that the model delivers a lower mearasg forecasting error (MSFE) than
the unconditional mean. Looking down the IS column for redlims, we notice that several
predictors have in-sample predictive power. However, tR&@nc column reveals that, with the
exception of the lagged stock market return, the O&Sare all negative. In other words, the
MSFEs of all but one forecasting variables are higher thah ofi the unconditional mean. A
combined forecast, obtained by equally-weighting all 8mtons, does well in-sample but its

out-of sample performance barely beats the unconditioeaimglast row in Panel A).

Campbell and Thompson (2008) show that imposing econonmistcaints on the OOS fore-
casts of stock market returns results in significant impnomets in their OOS2. Following their

work, we consider several non-linear constraints. The din& (column “signg,)”) restricts the

38For the Cochrane and Piazzesi (2005) factor, we construebfesample estimates by re-estimating the coefficienisguenly information
available up to time — 1.
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estimated coefficient in a given period to have the expedga@ The second constraint (column
“O0S 7 > 0”) imposes non-negativity of the forecasted real returncdfumn “OOS both”, the
forecast must satisfy both constraints. In periods whennstecaint is violated, the historical av-
erage is used instead as a fore@sThe OOS results from the three constraints are displayed in
Table[7. Imposing the sigA() constraint brings several of the negative O2% into positive ter-
ritory and increases the OQ%'s of the combined forecast. The> 0 and joint constraints lead to
modest improvements in the predictions. In Panels B and Quregent the results at quarterly and
semi-annual horizons and observe several differencesresfhect to the monthly results. The log
dividend-price ratio, which was insignificant at monthlgduency, is more significant in-sample.
In Panel C, its in-sampl&?s is as high a8.862 percent. Similar increases in I8*s occur for
dp.,, andT'S P. However, this in-sample fit does not translate into OOSgeerénce. Indeed, the
MSFE ofdp is 15.211 percent higher than that of the unconditional mean. Somaigioes, such
as theC'P factor exhibit improvement in OOS forecasting power. Impgghe constraints does

not help the log dividend-yield but does lead to a betterqyverince off P.

The results in Tablels| 6 ard 7 all point toward weak evidence-simple predictability at
long horizons. Econometric refinements, designed to rebiaseand increase efficiency of the
estimates, do not alter significantly this conclusion. ThH@SXorecasting exercise suggests that
most of the predictors yield MSFEs similar to or higher thaa tinconditional mean. This is
true whether or not we impose economic constraints. Thampge significance of our predictive
results appears somewhat smaller than documented in peestadies. This difference may be
partly due to the fact that our sample includes the partrulalatile 2007 to 2010 period and
to the downward bias adjustment. Perhaps the most novdt nedbe tables is that the dividend

growth of REITs is forecastable in-sample, although the @€38lts are, once again, much weaker.

39For the dividend-price ratio, the Campbell and Shiller @98ecomposition implies a positive coefficient. For theeotrariables, we impose
the same positivity constraint, although the guidance femanomic theory is less clear. The sign constraints aredly@ansistent with the prior
of counter-cyclical risk premia.

400ther types of constraints could be imposed to enhancedstauility. See, for example, Pettenuzzo, Timmermann Vatichnov (2011).
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5 Real Estate, Leverage, and Monetary Policy

5.1 The Effect of Leverage

The relation between real estate prices and leverage isugahahe, especially in the residential
market. While in principle any asset could be used as coflhtbousing is by far the easiest
asset to borrow against. At the peak of the recent US resaddntbble, about $12 trillion of
outstanding mortgage debt had been issued against theofghoeperties, which at the time were
worth in the neighborhood of $25 trillion (Case (2007)). e UK, Aoki, Proudman, and Vlieghe
(2004) report that about 80 percent of all household bomgvs secured on housing. High levels
of home borrowing are bound to have an effect on house prinardics and some of the studies
that analyze this relationship are Linneman and Wachte8q), 5tein (1995), Lamont and Stein
(1999), Spiegel (2001), Aoki, Proudman, and Vlieghe (20@¥talo-Magné and Rady (2006),
Lustig and Van Nieuwerburgh (2005), Favilukis, Ludvigsang Van Nieuwerburgh (2011).

Stein (1995) proposes a static fully-rational model thai@xs the joint relationship between
house prices, trading volume, and leverage. In his framlevimuseholds must repay any existing
loan and make a down-payment prior of moving to a new home.olfskholds experience a
negative exogenous shock to their income, the home-eqaitjop for families with a high level
of leverage may not be enough to meet the down-payment ajerlaouse. These households may
therefore decide not to move, thus creating a decrease iamttmhich further depresses prices.
On the contrary, following a positive income shock, thesarfaially constrained families prefer to
move to their desired location promptly, thus increasiriggs and volume. Stein’s (1995) model
implies that the mix of leverage and liquidity constraintspdifies the effect of changes in asset
values on the demand for housing. In cities where a largéidraof families are highly leveraged,
the impact of fundamental shocks on house prices will beifsggntly higher, thus giving rise to
self-reinforcing effects. As a result, home prices woulspthy pronounced boom-to-bust cycles

which may appear incompatible with a efficient capital madggamic

4IAlternatively, they may also try to list their home for a tilaly high price as this represents a low-cost alternatiligis would explain why
even in falling markets there is some inertia in the decreégeices.

42The model's main predictions hold as long as the market futing does not represent a costless alternative than bayiveyv home. Tax and
moral hazard reasons suggest that renting is not a perfestitsie for direct ownership, so that the most efficient wagonsume new housing is
owner-occupied. The magnitude of these effects can be kadage fraction of all home sales are to repeat buyers.
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McDonald (1999), Spiegel (2001), and Ortalo-Magné andyR2806) are three additional
papers that investigate the theoretical links betweerrdgeeand real estate prices. Spiegel (2001)
shows that the presence of credit constraints can lead ttrootion cycles. As an implication
of his model, he shows that leverage and developer constnudecisions forecast time variation
in expected housing returns. Ortalo-Magné and Rady (2pfif)ose a life-cycle model in which
households differ in their income and thus ability to affdodvn-payment on a home. Young agents
are constrained in their ability to borrow to purchase thiest “starter” home. Moreover, changes
in the price of starter homes shifts the agents’ demand &mtettup homes, thus establishing a
link between the price of a starter homes and the price otttglhomes. While the modeling
assumptions are different from Stein’s (1995), the two papely on the same amplifying effects

of leverage and emphasize the role of down-payments anidiiggonstraints.

The empirical predictions of Stein (1995) are investigdigd.amont and Stein (1999) whose
main focus in on the effect of leverage on future house priogtdhations. Working on a sample
of 44 metropolitan areas available at annual frequency émtwi984 and 1994, they look at the
fraction of all owner-occupants with an outstanding magiybalance to house value ratio greater
than 80 percent. This measure is meant to capture the elatésence of “constrained mover”
families which play a destabilizing effect in Stein’s (199Bodel. Lamont and Stein (1999) find
that leverage plays an important role in predicting futweal lestate prices in two distinct ways.
First, lenders and borrowers may be willing to take on higietaged positions just if they fore-
see house prices to rise. Consistent with this expectatipothesis, high leverage today is found
to positively correlate with future price appreciation. threir sample, real estate prices are pre-
dictable by lagged price changes, with a positive sign, aghtively by the lagged price-income
ratio. These effects suggest that housing prices are dpiyéocal economic conditions, short-run

momentum, and long-run reversal to fundamentals.

A second important finding of Lamont and Stein (1999) is thenetnically and statistically
large effect of leverage when it is interacted with changesi¢ome. While shocks to income
seem to be fully absorbed by real estate prices within foargjethere are considerable cross-
sectional differences in the response of house prices demgon the initial distribution of debt
levels. In high-leverage cities, housing prices react kjyito an income shock and overshoot

in the short-run. This effect peaks in the fourth year, whanes start to mean-revert to their
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new long-run level. By contrast, low-leverage cities digpa more gradual response to the same
economic shock and a smooth transition to the new equilibtavel. These effects are consistent
with the main prediction of Stein (1995). Even if the levelleferage in an area is ultimately
an endogenous variable, their analysis suggests a calet@mship which runs from changes in
leverage to house price fluctuations. An empirical limdatof the their findings, however, is that

they use homeowners’ estimates of their home value ratherttie market prices.

Several other methods have been used to quantify the effdeverage on the demand for
residential and commercial properties. Linneman and Veaqi989) document that wealth and
income constraints lead to a lower probability of home owhgr. Using data from the Federal Re-
serve Board’s 1977 Survey of Consumer Credit and the 19828wf Consumer Finances, they
show that mortgage market innovations tend to relax findooiastrains. However, the authors do
not investigate price effects as a function of the constsai@enesove and Mayer (1997) use data
from the Boston condominium market in the early 1990’s tosstitat an owner’s level of leverage
determines his behavior as a seller and might have an impacasaction prices. They find that
leveraged owners tend to set a higher asking price, thejrgpties stay longer on the market, and
conditional on selling, the transaction price is highemtliaat of less leveraged owners. These
findings are broadly consistent with the predictions of 15(@¢995) and Ortalo-Magné and Rady
(2006). Brown (2000) compares the performance of highlgfdaged mortgage REITs (typically
80 percent leverage or more) to those of less leveraged piegpbeld by property management
companies. In the period of the late 1980s and early 1990&hwhkas characterized by large
declines in commercial real estate values, he finds thatetlerdged mortgage REITs were net
sellers of highly leveraged assets, whereas equity REITe net buyers. Moreover, the returns of
mortgage REITs were significantly more negative that thésgoity REITs. The overall evidence
of the 1989 and 1990 period suggests that high levels of detxd mortgage REITs to sell assets

at fire sale prices, thus resulting in large losses.

Recently, Favilukis, Ludvigson, and Van Nieuwerburgh (B0fbrmulate an elegant general
equilibrium overlapping-generation model in which hetgoeous agents derive utility from a
durable consumption good and housing and face stochdsticyicle earnings. Two frictions are
at play in their model. First, the households face borrowiagstraints in the form of a down-

payment as well as transaction costs. A “financial marketréibzation”, FML, corresponds to

54



a relaxation of these constraints. Second, financial mawet incomplete, which implies that
both idiosyncratic and aggregate risks cannot be perfewtlyred. This rich framework represents
an ideal laboratory to investigate the ability of FML andeign capital inflows of producing the
swings in housing markets, aggregate quantities, and ogptson that are observed in U.S. data.
The model is indeed able to generate endogenous swingsthior@nice ratios largely as a re-
sponse to a financial market liberalization. A positive $hitmcFML — i.e. an easing of collateral
requirements and lower transaction costs — increaseshiakng as allows households to borrow
more aggressively against unexpected shocks to their hveltis, in turn, decreases risk premia
and increase prices. The opposite pattern is observedgdanieversal of FML. The authors also
show that low interest rates, which are the result of an infléforeign capital into the domestic
bond market, play a comparatively small role in driving hepsices fluctuations. The reason is
that the decrease in interest rates is almost offset by almase in risk premia due to the fact that
domestic savers are pulled out of the bond market by foreignhases, and are therefore more
exposed to systematic equity and housing risk. The demasspre on Treasuries from capital
inflows keeps interest rates low thus balancing the deciliegsecautionary savings from FML,

but does not constitute the ultimate cause of the housinghkaoa bust.

The model in Favilukis, Ludvigson, and Van Nieuwerburghl(PQs also capable of generating
plausible amounts of real estate predictability for botbemss returns and rent growth. High rent-
price ratios forecast higher future (excess) returns, @saltrof the improved risk-sharing above
mentioned. As a point in case, thi& from predicting one-year excess returns implied by the
model is abouBY%, which increases t@0% at the five-year horizon. High rent-price ratios also
forecast higher future rental growth rates, contrary tortten prediction of standard present-
value models. The authors argue that this empirical refyleain only be understood in a general
equilibrium context, in which a negative economic shock samultaneously drive discount rates
up and residential investment down. As a result of a shroplsimpply of housing, future rental
growth rates increase. This positive correlation betwednaremia and expected rental growth is

at the root of the positive coefficient in the predictive exggion.

Favilukis, Kohn, Ludvigson, and Van Nieuwerburgh (2012)\pde further evidence in line
with the predictions of the model by taking an empirical l@khe determinants of residential real

estate dynamics in the U.S. and several other countriesy dbeument that a measure of credit
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supply of the banking sector is by far the most powerful exatary variable of contemporaneous
real house price growth during the 2000-2010 decade irtierradly, and for the U.S. also in

the longer 1991-2010 period. This variable is meant to capam easing of credit constraints,
such as an increase in loan-to-value ratios and in the év#yaof new mortgage contracts, a
reduction of fees, and laxer documentation requiremenitey Bhow that credit supply is also a
powerfulforecaster of both future house prices and rent-to-price ratios, \iiith exceeding 0.40 in

predictive regressions of one- to four-quarter ahead. 8 hesults still hold when credit supply is
purged from endogenous shocks by controlling for expeated@mic conditions, which suggests
the existence of a causality link running from exogenouskfa the tightness of credit supply to
subsequent movements in house prices. In contrast, clpual, interest rates, and GDP growth
are found not to be statistically significant determinarftgwrent and future real house price

dynamics, both in the U.S. as well as internationally.

A similar argument is found in Mian and Sufi (2009), who invgaste the links between credit
supply, leverage, and housing prices in the 2007 subprimis.ctJsing zip-code level data, they
find that mortgage origination during the 2002-2005 periad wtronger in zip codes with a larger
fraction of sub-prime applicants. The same areas, howexbibit a sharp decrease in income and
employment growth in both absolute and relative terms vé#pect to other zip codes in the same
county. Thus, more mortgages originated in zip codes witfseming relative prospects. Mian and
Sufi (2009) also test whether the increase in credit has bendy expectations of future house
price appreciation. Their identification strategy exdite index of housing supply elasticity
based on land-topology metrics developed by Saiz (2010uskl@rice growth in elastic MSAs
is expected not to exceed the inflation rate for house cartgtrucosts, as supply can quickly
accommodate any increased demand (Glaeser, Gyourko, an(8@8)). Historically, the bulk
of house price appreciations have been concentrated in M@Asnelastic supply. Based on this
evidence, one would expect not to observe any increase dmigin elastic MSAs areas, as these
do not have good prospects for house price appreciationatr&g to this prediction, even zip
codes in elastic MSAs with a greater fraction of sub-primmelkrs experienced an increase in the
relative fraction of originated mortgages sold for seczation and a positive relative mortgage
origination growth. These results are supportive of a supplsed hypothesis, one in which the

increased in credit supply through more relaxed lendingtjmes, a decrease in the price of debt
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(the subprime-prime spread), and an increase in sectidtizga high subprime zip codes all lead
to a reduction in denial rates and to an increase in housesriMoreover, 2002-2005 was the
only period in the last eighteen years when house pricesemiegatively correlated to income
growth, and thus to fundamentals. Also, it was a period oagexpansion of the sub-prime

lending industry.

In a companion paper, Mian and Sufi (2010) document that, 2062 to 2006, the average
homeowner extracted about 25 to 30 cents of every dollaeas® in his home equity. This home-
equity-based borrowing channel is much stronger for moranfirally constrained households,
such as younger, low quality borrowers, and high credit caets. They estimate that, on aggre-
gate, about 53% of the increase in homeowners’ debt from 29@P06, or about $1.25 trillion,
was due to home-equity borrowing. Defaults of these exgstiomeowners represented 39% of
total new defaults in the U.S. during the same period. Thesults point at the importance of a
feedback effect, resulting from an increase in collateedli®s and impacting the availability of
new credit, and are consistent with the aggregate eviderecavealth effect in Case, Quigley, and
Shiller (2011).

Overall, these studies corroborate the claim that exogeeeonomic shocks lead to larger
price fluctuations in leveraged properties. The work of Lahand Stein (1999) and Brown (2000)
suggest that the amplification mechanism derives from tbetfet, in real estate, the ability to
borrow is directly linked to asset values. An exogenous ekes® in those values can lead to a
reduction in asset demand, as the borrowing capacity hasaksxd. However, more research
is needed to document whether positive and negative ecensinaicks lead to an asymmetric
response in prices. The analysis in Mian and Sufi (2009) andukés, Kohn, Ludvigson, and
Van Nieuwerburgh (2012) leads to the conclusion that th@lyupf (subprime) credit in the mid

2000s fueled to a large extent the subsequent house pricases.

5.2 Monetary Policy and Real Estate

Under the premise that monetary policy can stimulate ecanawtivity by reducing borrowing
costs, and given that the real estate market is heavilyntedia credit, it is reasonable to ask what

is the effect of monetary policy shocks on real estate pracessales volume. An emerging liter-
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ature is looking at this question, with recent contribusidny Fratantoni and Schuh (2003), Aoki,
Proudman, and Vlieghe (2004), lacoviello (2005), Ahearimmer, Doyle, Kole, and Martin
(2005), Del Negro and Otrok (2007), Hamilton (2008), andlaello and Neri (2010).

At the aggregate level, lacoviello (2005) shows that housme and GDP respond negatively
to tight monetary policy in the US with quarterly data from7#o 2003. To explore the role of
borrowing constraints in the observed link between hougegrand monetary policy, lacoviello
uses a new-Keynesian model with collateral constraints titereal estate values for firms, as
in Kiyotaki and Moore (1997). The importance of collaterallobwer borrowing costs is also
considered by Aoki, Proudman, and Vlieghe (2004) who nadéhbuse prices may have a direct
effect on consumption via the credit market. Their theoce¢tnodel is supported by the empirical
evidence in Case, Quigley, and Shiller (2005), (2011) thaepchanges in real estate have a large
impact on aggregate consumption. In the Aoki, Proudman \deghe (2004) model, a house
represents collateral for homeowners, and borrowing orncared basis against ample housing
collateral is generally cheaper than borrowing agains iollateral or on an unsecured basis, such
as a personal loan or credit card. Therefore, an increaseusitig prices makes more collateral
available to homeowners, which in turn encourages them tmomore to finance their desired
level of consumption and housing investment. Looking aicitiral changes in the UK'’s retalil
financial market, they also show that cheaper access to hquity eneans that, for a given house
price increase, more borrowing will be devoted to consuomptelative to housing investment. The
response of consumption to an unanticipated change irestteates will therefore be larger, and
the response of house prices and housing investment wilihiadlex. Ahearne, Ammer, Doyle,
Kole, and Martin (2005) find that the links between monetarljgy shocks and real estate prices

are observed more generally across eighteen developedra@s

Due to the geographical heterogeneity of real estate, itlikely that a monetary policy shock
will have the same effect on all regional markets. In fadba$ been documented that the impact
of monetary actions varies across regions (Carlino andm2efi998), (1999)) and is a function of
local economic conditions. It is therefore possible thatriésponse of real estate prices to mon-
etary policy shocks may differ across regions in magnitutte duration. Based on this premise,
Fratantoni and Schuh (2003) quantify the importance oforegji heterogeneity in housing mar-

kets with respect to monetary policy shocks. They start ati\@ model in which the monetary
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authority sets the global monetary policy and the mortgadg serves as the central channel for
monetary transmission. At the regional level, income, muswvestment, and housing prices are
determined by households and firms. Fratantoni and Sch@3)2@ntrast the standard method of
estimating the effect of monetary policy with one in whicgimnal heterogeneity matters. Follow-
ing the standard approach first, the authors estimate awtal®AR model of log hon-housing
deflator, log housing deflator, log per-capita non-housibiP@og real per-capita housing invest-
ment, FED funds rate, and a nominal rate on a 30-year mortdageg the 1966-1998 period.
Their VAR estimates suggest that a monetary shock has disagrtly larger and more rapid ef-
fect on the housing than non-housing sector and that mgnetdicy accounts for a large fraction
of fluctuations in the housing sector. However, since hausimpply and demand are determined

locally, this motivates their regional heterogeneousady&R (HAVAR) analysis.

A HAVAR model involves the estimation of regional VARs whiahe then aggregated at a na-
tional level. The authors show that aggregating these VARades non-linearities in the form of
time variation (aggregation across heterogeneous régimmisstate dependence, due to prevailing
economic conditions at the time of the monetary policy vgeation. They estimate their model
on MSA-level data of housing starts (from the Bureau of La®Btatistics), housing prices (from
the FHFA repeat sales transactions), and state-level iaqémom the Census Bureau). Using a
balanced panel of 27 MSAs over 1986:Q3 to 1996:Q2, they estimnrestricted VARSs via OLS
and look at the effect of monetary policy tightening, defiasd transitory 100-basis points shock
to the FED funds rate, on regional income, housing investn@em house appreciation. The re-
sulting impulse-response functions show that the magei&ndi duration of the regional responses
vary widely across areas. For instance, monetary tighteisimoderately less effective when the
economy is experiencing a coastal housing boom. Their kelynfinis that there are economically
and statistically significant differences between the dyicaesponses of the HAVAR model they
develop and the conventional VAR approach. Peak responsesrietary shocks can vary by more

than 1%, and mean lags, by more than one year, dependingarctowditions.

In a complementary work, Del Negro and Otrok (2007) use a ehyadactor model to de-
compose house price movements into regional shocks and engomational component. The
motivation for the decomposition is the considerable eiogiheterogeneity in the growth rate of

house prices across states. They use the FHFA/OFHEO datgydhe 1986-2005 period. The

59



dynamic factor model is estimated via Bayesian methodsteddammon component is identified
from the idiosyncratic movements. Del Negro and Otrok (900w that, historically, fluctua-
tions in housing prices have been mainly driven by localdisct Interestingly, growth rates of
housing are far less correlated across states than arehgrates in real per capita income. This
heterogeneity is due to the fact that states have diffesgrasires to the common business cycle.
However, in the more recent period, many states display enease in house prices due to the
national factor. The authors investigate whether thisdgased correlation may be due to monetary
policy intervention. Interestingly, the impact of mongtaolicy shocks on house prices is found
to be fairly small. Thus, the authors conclude that the Fgesgionary policy was not behind the

recent boom in house prices.

Hamilton (2008) uses a new, high-frequency measure of monpblicy shocks—daily innova-
tions in the 1- and 2-month-ahead futures contracts—andgsraut its effect on the housing market.
More specifically, he estimates the response of hew homdgisgorted by the Census Bureau)
following monetary policy shocks. The main finding in the engal analysis, which is carried
out at the aggregate level, is that sales respond with aderadile lag to monetary shocks. He at-
tributes the delay of several months to heterogeneity irckdane across households. It would be
interesting to extend Hamilton’s (2008) approach and itigate the impact of Fed policy shocks
on real estate prices. However, it is fair to say that thisl #re other papers in this literature,
suggest that monetary policy actions have an importanttoofgday in understanding real estate

price fluctuations.

6 Concluding Remarks

How difficult is it to predict changes in real estate prices?hiis chapter, we revisit this question

from the perspective of the academic real estate literalmevever, before we can even tackle the
guestion of predictability, we must step back and addressvan more basic issue: constructing
reliable real estate price indices in light of the fact tinat tinderlying asset is extremely heteroge-
neous, faces high transaction costs, and is inherentyiti Various indices have been proposed
and all have limitations. Recently much interest has foduserepeat-sales indices, both for com-

mercial and residential properties. However, while theskices may be suitable for capturing the
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current state of the market, they might not necessarily éalitbr forecasting futurenarket prices.

Researchers have explored a variety of predictors of réaleeprice changes beyond simple
autoregressive models. A partial list of the most succéssfacasting variables include: valu-
ation ratios such as the rent-to-price and income-to-paties; local economic variables, such
as the employment rate, income growth, construction cogtisiographic trends such as popula-
tion growth; local space market variables such as housengssivacancy rates, and transactions
volume; proxies for zoning restrictions; measures of lagerand monetary policy action. The
interpretation and success of the predictive models vaaasiderably as do the datasets on which
they have been tested. From a statistical perspectivayatiad the accuracy of real estate forecasts
is a challenge: the lack of a sufficiently long time-seriepote data has prevented researchers
from conducting meaningful out-of-sample MSFE comparssomMost of the reported evidence
is in-sample and exploits cross-sectional differenceswéver, from an economic perspective,
whether the profits from exploiting predictable patternsdal estate prices are enough to cover

transaction and search costs is still an unresolved issue.

A notable exception is the REITs market, for which exchatrgded returns are available for
a relatively long timespan. In-sample results highlighthsgredictability of REIT returns, espe-
cially at yearly horizons. Significantly more predictatyilis observed in the growth rates of their
cashflows. Out-of-sample predictions of REIT returns mithixse of the aggregate stock market,
where unconstrained forecasts perform relatively poaitiqough economic constraints may pro-
vide some improvements. Linking REITs returns to those efutthderlying properties may be an

interesting application to trace the origin of the extartdictability.
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Appendix

A Data sources

A.1 Real Estate Data

Residentiat The Census Median and Average Sales Prices of New Homesas®ldbtained
from the Censu The S&P/Case-Shiller indexes are the NSA series from Maarket
FHFA/OFHEO NSA Purchase only monthly and All-Transactiqoarterly indexes are from the

Federal Housing Finance Agency webstiie.

The 25 metropolitan areas in the FHFA/OFHEO Purchase OnlgXes tape are: Atlanta-Sandy
Springs-Marietta, GA; Baltimore-Towson, MD; Chicagoi@biNaperville, IL (MSAD); Cleveland-
Elyria-Mentor, OH; Dallas-Plano-Irving, TX (MSAD); Denréurora-Broomfield, CO; Edison-
New Brunswick, NJ (MSAD); Houston-Sugar Land-Baytown, T2Qs Angeles-Long Beach-
Glendale, CA (MSAD); Miami-Miami Beach-Kendall, FL (MSADWinneapolis-St.Paul-Bloomington,
MN-WI; Nassau-Suffolk, NY (MSAD); New York-White Plains-&lyne, NY-NJ (MSAD); Oakland-
Fremont-Hayward, CA (MSAD); Philadelphia, PA (MSAD); PimbeMesa-Glendale, AZ; Pitts-
burgh, PA; Riverside-San Bernardino-Ontario, CA; St. IspWO-IL; San Diego-Carlsbad-San
Marcos, CA; Santa Ana-Anaheim-Irvine, CA (MSAD); Seatellevue-Everett, WA (MSAD);
Tampa-St. Petersburg-Clearwater, FL; Warren-Troy-Hagtoin Hills, Ml (MSAD); Washington-
Arlington-Alexandria, DC-VA-MD-WV (MSAD).

Commercial: NCREIF indexes are from the NCREIF web@e?l’he Transaction-Based Index
(TBI) and the Moody’s/REAL Commercial Property Price Ind&PPI) are from the MIT center
for real estat@ REIT indexes are from the CRSP/Ziman All-Equity tape.

43http://www.census.gov/const/uspricemon. pdf
44http://www.macromarkets.com/ciousing/spcaseshiller.asp
4Shttp:/www.fhfa.gov/Default.aspx?Page=87
4Bhttp://www.ncreif.org/tbi-returns.aspx
47http://web.mit.edu/cre/
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A.2 Financial and Macro Variables

The aggregate stock market is the value-weighted NYSE/ANNRSDAQ index. The dividend-
price ratio is constructed following Fama and French (19&&bsum of current and previous 11-
month (or 3 quarters, for quarterly data) dividends overcileent price index. The 3-month rate
is the Fama Risk-free rate, average of bid and ask. The wrflasite is the return to the CPI index.
The Cochrane and Piazzesi (2005) factor is constructedj iima-Bliss Discount Bond Yields.
The source for all these series is the Center for Researcledar®y Prices (CRSP). Industrial

Production is obtained from the Federal Reserve Bank of &iid.
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6.

Table 1: Summary of Literature

The table summarizes many of the papers that document fakility in real estate returns (residential, commerdiaigd REITS). In the first column, in parenthesis after the péahe paper, we report the
market for which the analysis is conducted followed by thagle period. The conditioning variables used in each grdymapers are listed in the middle column. The last column ntspshether the results

support strong (Y), weak (N), or mixed (Y/N) evidence of retpredictability.

Papers

Conditioning Variables

Real Estate (Residential and Commercial)

Predictability evidence

Gau (1984, 1985; Vancouver, 1971-1980); Linneman (198Baéiphia, 1975-1978);

Guntermann and Smith (1987; 57 MSAs, 1968-1982); Raybuenabey, and Evans (1987; Memphis, 1970-1984)
Case and Shiller (1989; 4 cities, 1970-1986); Hill, Sirmarsl Knight (1999; CS (1989) data);

Kuo (1996, CS (1989) data); Schindler (2011; CS national2hSAs; 1987-2009)

Capozza, Hendershott and Mack (2004; US metropolitan at8&9-1995)

lagged returns/abnormal returns
lagged returns/abnbretarns

geographic, demographic, and economic variables

Gyourko and Voith (1992; aggregate indices, 1971-198%e6&4dr, Gyourko, and Saiz (2008; aggregate indices, 1982)20 long-term mean reversion in prices

Gu (2002: US indices, 1975-1999); Crawford and Fratant®®08; US indices, 1979-2001)
MclIntosh and Henderson (1989; Dallas-Forth Worth; 19785)9

Capozza and Seguin (1996; US indices, 1960-1990), Mees@/altace (1994; county data, 1970-1988)
Campbell, Davis, Gallin, and Martin (2009; US indices, 121®7), Gallin (2008; US index, 1970-2005)
Geltner and Mei (1995; US indices, 1975-1992)

Plazzi, Torous, and Valkanov (2007, 21 MSAs, 1985-2000)<@ls, Plazzi, and Valkanov (2010; 53 MSAs, 1994-2001)

lagged returns/regime swigch
lagged returns

rent-price

YIN (insufficient to cavansaction costs)

Y/N (vezqpopulation growth, and construction costs are impoftaors)
YIN (less mean remelia markets with more elastic housing supply)
Y/N (instability across locations and time periods)
N

Y

-peice, geographic, demographic, and economic variables

Favilukis, Kohn, Ludvigson, and Van Nieuwerburgh (2012;, W$91-2010); Mian and Sufi (2009; US, 2002-2009) rent-piecedit supply Y
Lamont and Stein (1999; US metropolitan areas, 1984-1994) loan-to-value Y
Malpezzi (1999; US metropolitan areas, 1979-1996) price-to-income Y
Abraham and Hendershott (1996, US indices, 1977-1992) geographic, demographic, and economic variables Y/N (spsbnounced in areas with more elastic housing supply)
Zhong and Guo (1997; US indices, 1970-1994) sales volume
MacKinnon and Al Zaman (2009; US index, 1984-2007) REIT returns, bond returns, rent-price Y/N
REITs
Liu and Mei (1992, 1994; US, 1972-1989); dividend-price ratio and other macro variables Y
Mei and Gao (1995; US, 1962-1990); Nelling and Gyouko (1398; 1975-1995); returns YIN (insufficient to cover transaction costs)
Cooper, Downs, and Patterson (1999; US, 1973-1995); Seenath Hoesli (2010; 10 countries, 1990-2007); returns Y
Stevenson (2002; 11 countries, 1977-2000); Graff and Y¢u@g7; US, 1987-1996)
Serrano and Hoesli (2007; US, 1978-2006) returns to other asset classes Y




Table 2: Summary Statistics

Annualized mean, annualized standard deviation, skewrsess first-order autoregressive coefficient for returieépchanges, rent/dividend
growth, and rent/dividend-price ratio of aggregate reshtesindices and conditioning variables. For residentall estate (Panel A), the in-
dices are: the Census Median and Average; the Case-Shyjtieegate US, Composite 10 (C10), and equally-weightedageeof available MSA
indices (EW); the FHFA/OFHEO quarterly All-Transactiomglanonthly Purchase Only indices. Rent growth and the reoé patio for the Case-
Shiller and OFHEO indices are from the Lincoln Institute.r Eommercial real estate (Panel B), the indices are from NEREBI, CPPI, and
CRSP/Ziman REIT for the aggregate market (All) and seplyr&de apartments (Apt), industrial properties (Ind), offic(Off), and retail properties
(Rtl). In Panel C, the Financial and Macro Variables are tR&E Value-Weighted NYSE/AMEX/NASDAQ index, the 3-monttedsury bill minus
its twelve-month moving average (RTB), the return on the @Béx (CPI), the term spread as difference between the Bareh3-month yields
(TSP), the Cochrane-Piazzesi (2005) interest rate fa€i®y,@and industrial production growth (IPG). Begin dateorépthe first return observation.
The monthly (M) or quarterly (Q) frequency of each index soatlenoted.

Returns/Price changes Dividend/Rent Growth DividendtReiPrice Ratio

Begin date Mean Std Skew  AR(1) Mean Std Skew  AR(1) Mean Std  wSkeAR(1)
Panel A: Residential Real Estate

Census
Median (M) Jan 1991 0.034 0.088 -0.425 -0.522 - - - - - - - -
Average (M) Jan 1991 0.032 0.080 0.136 -0.192 - - - - - - - -

Case-Shiller

US (Q) 1991:Q1 0.029 0.051 -1.362 0.613 0.030 0.007 -0.9419000. 0.045 0.013 -0.989 0.987
C10 (M) Mar 1991 0.034 0.033 -0.773 0.938 - - - - - - - -
EW (M) Mar 1991 0.029 0.029 -1.594 0.929 - - - - - - - -

OFHEO
US (Q) 1991:Q1 0.032 0.026 -0.911 0.756 0.030 0.007 -0.9419000. 0.045 0.009 -0.765 0.994
Us (M) Feb 1991 0.031 0.020 -1.165 0.708 - - - - - - - -

Panel B: Commercial Real Estate

NCREIF
Al (Q) 1991:Q1 0.068 0.052 -1.888 0.801 - - - - - - - -
Apt (Q) 1991:Q1 0.081 0.051 -2.402 0.821 - - - - - - - -
Ind (Q) 1991:Q1 0.071 0.053 -1.747 0.809 - - - - - - - -
Off (Q) 1991:Q1 0.060 0.065 -1.563 0.742 - - - - - - - -
Ritl (Q) 1991:Q1 0.074 0.045 -0.938 0.750 - - - - - - - -

TBI
Al (Q) 1991:Q1 0.090 0.096 -0.850 0.087 0.021 0.053 -0.388.369 0.056 0.024 -0.825 0.971
Apt (Q) 1994:Q2 0.098 0.090 -0.430 0.256 0.020 0.104 3.097 208. 0.052 0.032 -0.218 0.980
Ind (Q) 1994:Q2 0.097 0.115 -0.463 0.053 0.018 0.106 -0.044.163 0.058 0.025 -0.310 0.948
Off (Q) 1994:Q2 0.095 0.090 -0.670 0.415 0.021 0.098 -0.446.56D 0.047 0.027 -0.242 0.971
Rtl (Q) 1994:Q2 0.089 0.089 1.120 0.184 0.027 0.062 0912 210.4 0.065 0.027 -0.340 0.967
CPPI

Al (Q) Jan 2001 0.011 0.075 -1.354 0.452 - - - - - - - -
Apt (Q) 2001:Q1 0.034 0.114 -1.324 0.193 - - - - - - - -
Ind (Q) 2001:Q1 0.022 0.113 -1.793 0.256 - - - - - - - -
Off (Q) 2001:Q1 0.022 0.109 -1.716 0.006 - - - - - - - -
Ritl (Q) 2001:Q1 0.031 0.093 -1.249 0.376 - - - - - - - -

REITs
Al (Q) Jan 1980 0.104 0.179 -1.730 0.146 0.018 0.077 -1.70®.050 0.067 0.051 0.384  0.957
Apt (Q) Jan 1980 0.114 0.190 -1.081 0.090 0.053 0.185 0.884.0960 0.072 0.083 0.452 0.970
Ind & Off (Q) Jan 1980 0.066 0.225 -1.816 0.111 -0.039 0.191 .351 -0.099 0.071 0.076 1.173  0.940
Rtl (Q) Jan 1980 0.121 0.200 -1.818 0.144 0.025 0.124 -4.490.078 0.065 0.055 0.453 0.947

Panel C: Stock, Thill, Inflation, Industrial Production

CRSP VW (M)  Jan 1980 0.107 0.163 -1.096 0.114 0.050 0.047 92.150.082 0.027 0.038 0.580 0.992
RTB (M) Jan 1980 -0.021 0.038 -0.046 0.885 - - - - - - - -
CPI (M) Jan 1980 0.034 0.012 -0.486 0.555 - - - - - - - -
TSP (M) Jan 1980 0.015 0.010 -0.410 0.924 - - - - - - - -
CP (M) Jan 1980 0.013 0.020 0.340 0.783 - - - - - - - -
IPG (M) Jan 1980 0.019 0.025 -1.096 0.294 - - - - - - - -
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Table 3: Correlation Matrix

Correlation matrix of quarterly returns to the Census Med@ase-Shiller Composite 10, FHFA/OFHEO US Monthly, NCREII, TBI All, and
REIT All indices during the common 1991:Q2-2010:Q4 sam@equl.

Census Median CS10 FHFA/OFHEO NCREIF TBI REIT

Census Median 1

Cs10 0.148 1

FHFA/OFHEO 0.029 0.803 1

NCREIF 0.080 0.425 0.335 1

TBI 0.029 0.340 0.329 0.604 1

REIT 0.334 0.374 0.181 0.280 0.220 1
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Table 4: Forecasting Residential Real Estate

OLS slope estimates of the regression of returns on the Gévisdian, Case-Shiller Composite 10, and FHFA/OFHEO US Kigrindices on
a constant (not reported) and the following lagged condiitig variables: the return and rent-price ratio of the infleand hp respectively), the
return and dividend-price ratio of the aggregate stock etafk, anddp., respectively), and the financial and macro variables asetkfimTable
[2. The rent-price ratio used for the Census Median in Panel tBeé average between the Case-Shiller and FHFA/OFHEQpriat-ratios. In
Panel A, the horizon is monthly from February 1991 until Dmber 2010. In panel B, the horizon is quarterly from 1991:@#l 2010:Q4. In
parenthesis below the estimates, Newey and West (1987) #gifttistics based on four lags are reported.

dpm
RTB
CPI
TSP
cP

IPG

R2

hp

dpm
Tm
RTB
CPI
TSP
cP

IPG

Panel A: Monthly

Census Case-Shiller FHFA/OFHEO
-0.569 -0.573 0.938 0.863 0.725 0.593
(-11.894) (-12.211) (26.222) (21.141) (10.592) (7.097)
0.058 0.061 0.017 0.007 0.017 0.013
(1.067) (1.203) (0.885) (1.063) (1.372) (1.755)
-0.005 -0.010 -0.016 -0.003 -0.007 -0.004
(-1.115) (-1.393) (-5.542) (-1.592) (-5.182) (-3.395)
-0.055 -0.073 0.491 0.041 0.234 0.070
(-0.227) (-0.300) (2.876) (0.990) (3.210) (2.081)
0.013 0.003 0.259 0.200 0.237 0.030
(0.019) (0.004) (1.431) (3.554) (1.911) (0.253)
0.224 0.359 -0.118 0.062 -0.163 0.017
(0.788) (1.032) (-0.819) (1.399) (-2.080) (0.344)
-0.153 -0.137 0.251 0.029 0.186 0.050
(-0.691) (-0.550) (2.801) (0.880) (3.788) (1.340)
0.370 0.464 0.076 -0.029 -0.081 -0.051
(0.768) (1.279) (0.717) (-0.535) (-1.058)  (-0.905)
0.317 0.005 0.004 0.332 0.881 0.250 0.279 0.893 0.501 0.136 .2230 0.543
Panel B: Quarterly
Census Case-Shiller FHFA/OFHEO
0.011 0.008 -0.005 0.000 0.017 0.015 0.006 0.009 0.000
(0.379)  (0.255) (-0.153) (-0.007) (1.342) (0.941) (0.239)0.883) (-0.015)
-0.523 -0.620 0.765 0.480 0.661 0.535
(-7.262) (-7.596) (9.834) (5.397) (9.260) (3.267)
-0.008 -0.030 -0.046 -0.034 -0.020 -0.012
(-0.769) (-2.414) (-6.521) (-4.388) (-4.929) (-1.805)
0.005 0.081 0.052 0.008 0.006 -0.012
(0.070) (1.332) (1.211) (0.468) (0.300) (-0.710)
-0.050 0.116 1.460 0.882 0.747 0.343
(-0.093) (0.217) (1.882) (2.290) (2.417) (1.594)
0.125 -0.304 0.579 0.509 -0.121 -0.351
(0.121) (-0.362) (1.996) (4.132) (-0.645)  (-1.858)
0.001 0.501 -0.417 0.329 -0.624 -0.128
(0.002) (0.937) (-0.651)  (1.187) (-1.876)  (-0.652)
0.011 0.160 0.709 0.348 0.567 0.267
(0.029) (0.429) (1.525) (1.870) (2.640) (1.418)
0.065 0.011 -0.035 -0.241 -0.067 -0.020
(0.306) (0.041) (-0.148)  (-1.043) (-0.423)  (-0.148)
0.001 0.273 0.002 0.001 0.334 0.000 0.559 0.255 0.268 0.670 .0020  0.409 0.140 0.197 0.484
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Table 5: Forecasting Commercial Real Estate

OLS slope estimates of the regression of returns on the NER#) TBI All, and REIT All indices on a constant (not repodieand lagged
conditioning variables. Variables definition follows frofable[4. The horizon is quarterly from 1991:Q2 until 2010:Q#parenthesis below the

estimates, Newey and West (1987) HAGtatistics based on four lags are reported.

NCREIF TBI REITs
hp/dp 0003 0011 0.007 0031 0.031 0.003 0.070 _ 0.109 0.136
(-0.121)  (0.985) (-1.139) (0.917)  (0.964) (0.123) (1.494)1.532) (1.620)
r 0.819 0.363 0.057 -0.254 0.257 0.016
(13.330) (2.066) (0.460) (-1.871) (1.727) (0.113)
m -0.053 -0.026 -0.035 -0.031 0.016 0.025
(-3.553) (-2.057) (-1.545) (-1.236) (0.405) (0.506)
dpm 0.059 0.005 0.093 0.000 0.365 0.260
(1.328) (0.397) (1.137) (0.002) (1.428) (1.229)
RTB 0.698  0.570 1.098  1.481 1.630  0.729
(2.076)  (2.405) (1.512)  (1.793) (1.231)  (0.518)
CcPI 0.630  0.357 0509  0.551 3521  3.885
(2.407)  (2.033) (1.009)  (1.032) (1.486)  (1.544)
TSP -1.265  -0.309 -0.640  -0.658 0.073 0918
(-2.635)  (-0.870) (-0.857)  (-0.997) (0.033)  (0.444)
cp 0.099  0.073 0193  0.334 0.748  -0.850
(0.282)  (0.391) (0.348)  (0.534) (0.640)  (-0.573)
IPG 0.759  0.499 1116 1.182 1262 1.748
(3.101)  (1.826) (2.643)  (2.848) (0.950)  (1.228)
R? 0.001 0.650 0371 0588  0.767 0.024 0027 0074 0253 0317 0220 0082 008 0179 0270
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Table 6: Forecasting REITs

Slope coefficients of the regressionsiéimonth real returns (Panel A) and real dividend growth (PBhen the aggregate CRSP/Ziman All-Equity
REIT index (All) and separately for apartments (Apt), indias properties and offices (Ind & Off), and retail propesti(Rtl) on a constant (not
reported) and lagged log dividend-price ratio. OLS resarésshown for separate monthly horizons. The table alsatefiee one-month two-stage
GMM estimates which impose the present value constraintafsap[16) across equations and the short-long horizotioe&hip (equatiof_15)
across horizond” = {1, 3, 6,12}. The coefficients are bias-adjusted following Stambau@®9). Thet-statistics are Newey and West (1987)
based on four lags for non-overlapping dfidags for overlapping returns. The sample is monthly fromddeloer 1980 until December 2010.

Panel A: Real Returns

All Apt Ind & Off Rtl
Estimation, Horizon Br t(Br) R? Br t(Br) R Br t(Br) R Br t(Br) R
Overlapping
OLS,T=1 0.001 0.035 0.002 0.000 0.013 0.001 -0.012 -0.791 0.001 0030. 0.189 0.002
OLS,T=3 0.031 0.820  0.009 0.022 0.967 0.010 -0.020 -0.547 0.001 0390. 0.998 0.012
OLS,T=6 0.117  1.490 0.039 0.080 1.652  0.040 0.000 -0.005 0.000 290.1 1.660  0.045
OLS,T=12 0.280 1.684 0.092 0.200 1.968 0.110 0.031 0.182 0.002 210.3 1.872  0.119
GMM, T' = {1, 3,6,12} 0.013  1.126 - 0.010 1421 - -0.004 -0.328 - 0.017  1.435 -
Non-Overlapping

OLS,T=1 0.001 0.041 0.002 0.000 0.014 0.001 -0.012 -0.841 0.001 0030. 0.235 0.002
OLS,T=3 0.014  0.345 0.009 0.009 0.338 0.009 -0.031 -0.865 0.001 0260. 0.614 0.014
OLS,T=6 0.024  0.309 0.013 0.023 0.508 0.017 -0.080 -1.139 0.004 0410. 0.520 0.019
OLS,T=12 0.062 0504 0.027 0.057 0.671  0.037 -0.112  -0.644 0.003 .1260 0.837 0.049
GMM, T' = {1, 3,6,12} 0.009  1.397 - 0.003  1.607 - -0.001 -0.128 - 0.008  1.410 -

Panel B: Real Dividend Growth

Al Apt Ind & Off Rtl
Estimation, Horizon Bq t(Ba) R? Ba t(Ba) R? Ba t(Ba) R? Ba t(Ba) R?
Overlapping
OLS, T=1 -0.015 -3.232 0.029 -0.026 -2.266 0.042 -0.046 -4.125 710.0 -0.020 -2.298 0.026
OLS,T=3 -0.051 -3.465 0.094 -0.081 -2.912 0.118 -0.125 -5.628 1.2  -0.063 -2.765 0.078
OLS,T=6 -0.119 -3.361 0.162 -0.182 -3.101 0.201 -0.255 -5.231 29.3 -0.137 -2.671 0.139
OLS,T=12 -0.261 -3.551 0.230 -0.384 -3.483 0.320 -0.541 -4.9944470. -0.263 -2.458 0.193
GMM, T = {1, 3,6,12} -0.018 -9.716 - -0.031 -7.156 - -0.045 -9.366 - -0.025 -6.828 -
Non-Overlapping
OLS, T=1 -0.015 -2.753 0.029 -0.026 -2.097 0.042 -0.046 -4.062 710.0 -0.020 -2.210 0.026
OLS,T=3 -0.049 -3.063 0.095 -0.082 -2.002 0.145 -0.127 -4.198 1®.2  -0.059 -2.149 0.079
OLS,T=6 -0.120 -3.586 0.170 -0.205 -2.514 0.280 -0.271  -4.760 88.3 -0.154 -2.228 0.173
OLS,T=12 -0.230 -4.629 0.213 -0.396 -3.354 0.417 -0.488  -4.54752%). -0.295 -2.367 0.231
GMM, T = {1, 3,6, 12} -0.019 -6.696 - -0.035 -5.677 - -0.055 -9.179 - -0.023  -3.227 -
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Table 7: Forecasting REITs In-Sample and Out-Of-Sample

In-sample (IS) and Out-Of-Sample (OORY, as defined in equatiof{[L7), for the predictive regressioreal returns and real dividend growth
to the aggregate CRSP/Ziman All-Equity REIT index at the thiyn(Panel A), quarterly (Panel B), and semi-annual (P&)efrequency. The
forecasters are defined as in Table 5. “Combined” referseaatierage forecast across all forecasters. Specificatiwi ia the unconstrained
regression; specification “sigf,)” and “r > 0" replace the forecast with the unconditional mean when tbpescoefficient or the forecast,
respectively, are negative; specification “both” imposethtronstraints. The OOS results are based on a 180-monthirbweriod. The full
sample is monthly observations from December 1980 untilerdzer 2010.

Forecaster Real returns Real Dividend-Growth
IS 0O0S 0O0S 0O0S 00S IS 0O0S
unc sigis,) 7T>0 both unc
Panel A: Monthly
dp 0.181 -0.686 -0.571 -0.321  -0.205 2.866 -1.873
Tm 4.760 4.022 4.022 1.885 1.885 0.572 0.985
dpm 0.005 -0.637 -0.572 -0.324 -0.260 0.008 -1.160
RTB 0.071 -2.005 0.000 -1.565 0.000 0.058 -2.015
CPI 0.641 -3.105 0.000 -3.075 0.000 0.047 -1.846
TSP 0.313 -0.488 -0.488 -0.406 -0.406 0.559 -10.616
CP 0.250 -0.385 -0.318 0.211 0.278 1.739 -4.108
IP 2.805 -0.227 0.327 -0.985 -0.411 2.320 -1.920
Combined 2.093 0.187 0.620 -0.226  0.241 6.862 0.291
Panel B: Quarterly
dp 0.919 -6.189 -6.160 -4.337 -4.308 9.366 -15.520
Tm 0.470 1.463 2.218 0.770 1.526 0.230 -0.319
dpm 0.121 -2.406 -2.406 -1.284 -1.284 0.002 -1.442
RTB 0.031 -3.792 0.000 -3.704  0.000 0.258 -0.290
CPI 0.690 -6.142 -0.445 -6.373  -0.445 0.268 0.297
TSP 2.156 -1.007 -1.007 0.749 0.749 0.602 -15.706
CcpP 0.798 0.638 0.649 0.638 0.649 2.536 -3.415
IP 2.240 1.059 2.156 -0.162 1.150 3.116 -3.049
Combined 2.093 -1.319 -0.166 -1.270 -0.045 6.862 -0.266
Panel C: Semi-Annual

dp 3.862 -15.211 -15.185 -9.784  -9.757 16.217 -40.390
Tm 0.480 0.377 0.611 0.377 0.611 0.016 -1.645
dpm 0.450 -3.825 -3.825 -2.314 -2.314 0.002 -2.137
RTB 0.001 -4.650 0.000 -4.650 0.000 0.526 -0.418
CPI 0.001 -3.694 -0.017 -3.694 -0.017 0.658 0.912
TSP 2.955 -0.984 -0.984 -0.522 -0.522 1.076 -19.220
CP 0.193 1.216 1.095 1.216 1.095 5.412 -5.349
IP 1.240 -1.267 2.143 -1.888  1.469 5.580 -5.200
Combined 2.093 -2.625 -1.340 -2.164 -0.890 6.862 -2.492
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Time series plot of the Census Median, Case-Shiller Congdsl, and OFHEO. All series are are sampled quarterly anchalzzed at one in

1991:Q1.
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Figure 1: Residential Real Estate Indices
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Figure 2: Commercial Real Estate Indices

Time series plot of the NCREIF All, TBI All, and CRSP/Ziman REAIl indices. All series are sampled quarterly and normedi at one in
1984:Q4.

16

14 *

121

10

Index Level
oo
T

— — —NCREIF
—— TBI
— REIT

1986 1988 1990 1992 1994 1996 1998 2000 2002 2004 2006 2008 2010
Year

87



Figure 3: Long-Horizon Return Autocorrelations

The thick solid line reports the OLS slope coefficieptsI") in the regression of"-month overlapping returns on a constant and tieperiod
lagged valuer;y1.4+7 = o+ B(T) re—r+1:¢ +€1+1:4+7- The dashed lines denote the point estimate plus or minublemey and West (1987)
HAC standard errors based @hlags. The plots are (in clockwise order, starting from tdp) ier the Census Median index quarterly sampled,
FHFA/OFHEO Quarterly series, REIT All quarterly sampledda Bl All. The X-axis reports the horizon T in months. The sdenperiod is as in

Table2.
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Figure 4: Predicting Residential Real Estate MSA Returns

Summary of the predictive regression of each of the 25 MSABIBEE Purchase Only quarterly return series on a constarawits(lagged) return, the aggregate OFHEO rent-to-pride,rabd macro and
financial variables as defined in Table 4. The regressordlgoindly included as in the largest specification of Tal#and®. For each regressor (except the constant) across M&Rigure shows in the top
left panel the average slope coefficient, in the top righeptre average-statistic, and in the bottom left panel the numbet-sfatistics greater than two in absolute value. The botight panel displays the
R2 for each regression. The list of MSAs is reported in Appeil} The sample is quarterly observations from 1991:Q2 @61t10:Q4.
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Figure 5: Principal Component Analysis by MSA

The top plot reports the percentage explained by the firstib@ipal components extracted from the covariance mafrietirns to the 25 MSAs
OFHEO Purchase Only quarterly series. The bottom plot shbegercentage explained by the first component based omaiteq rolling
windows. The full sample is quarterly observations fromZL@2 until 2010:Q4.
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