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Abstract

All real estate markets are local, or so the conventional wisdom goes. But just how local is local? I address

this question empirically using over 75,000 repeat sales transactions for homes from a large suburban county of

Washington D.C.. I frame the analysis in terms of home price risk and index hedging, and I attempt to answer two

key questions in this regard. The first is to determine at what level home price shocks occur; i.e., how local are housing

markets? The second is to estimate how much homeowners would be willing to pay for access to home price index

markets various local levels, which would permit hedging the local components of home price risk. I construct and

evaluate a variety of local real estate indices that group homes by district, zip code, home type, and price band, and I

calculate several ”house-specific” indices using locally weighted regressions across these variables. Local indices are

advantageous relative to metro-level indices for two reasons: (1) they capture local shocks that do not appear in the

broader market indices (so they permit homeowners to hedge a larger portion of their basis risk), and (2) they permit

hedging of price changes which are relevant to the large fraction of moves that occur within metropolitan areas. I

estimate that local market indices explain 3-7% more of the variation in home price shocks than is explained by a city

index, depending on the time interval between sales. A typical homeowner would be willing to pay 5-10% more to

hedge with a local index compared to a city index, and homeowners anticipating local moves would be willing to pay

as much as 25% more.
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1 Introduction

All real estate markets are local, but how local is local? Using over 20 years of home transaction data, I target two

aspects of this question. First, I attempt to determine the local level at which home price shocks occur. I create a

variety of local housing indices using the standard repeat-sales methodology and evaluate their predictive power for

individual home sale prices. In doing so, I learn not only about the size of local markets but also the dimensions over

which they are defined, including the relative importance of geography, home type, and price.

Second, I ask how much a typical homeowner would be willing to pay to hedge his home price risk with an

actuarially fair index that recognizes this locality. Although home prices are not typically as volatile as other asset

classes, home buyers are often highly leveraged and very long in real estate. Home price risk is therefore important

to many households. Until recently, homeowners have had few financial vehicles for reducing home price risk. The

recent creation of futures markets for metropolitan-level home price indices is certainly a step in the right direction,

but metro-level indices leave much to be desired, as they fail to capture within-metropolitan market differences. In

my empirical analysis of home price shocks, I attempt to estimate what portion of home price shocks are local and

how much value would be added if local indices were available. The answer depends both on how local markets are

defined and on the underlying relationships between price shocks at various market levels.

Home prices are subject to a variety of supply and demand shocks at different levels, ranging from the national all

the way down to the purely idiosyncratic. Home price indices can only permit hedging against shocks at or above the

level at which they are defined. There is thus a trade-off in the design of such a index. Larger markets contain a more

heterogenous mixture of homes but smaller markets do not contain enough transactions for meaningful inference. A

local home price index, which consists of both the city and local market components, will explain more of the variation

in home prices than the city index alone. But if locality is defined too narrowly, sampling error will produce too much

noise.

If one thinks of home price shocks from one period to the next as a random distribution, the market components

form the distribution mean and the individual or idiosyncratic component is the distribution variance. Practically

speaking, the market components are unobservable and even the home prices themselves are observable typically only

one or twice per decade. For this reason, the distinction between the two components is possible only after estimating

home price indices for various markets.

The main result in the paper is that local market components account for 3-7% of the variation in home price

shocks compared to 50-75% at and above the city market component (much of this is national), depending on the time

interval between sales. These two market portions of home price shocks can be hedged away with futures contracts

whereas the remaining individual component of home price risk cannot. I find local market information to be quite

narrow, with the best geographical indices being created with markets as small as 10 square miles and containing

1



only 3% of the county residences, on average. The majority of this 3-7% increase occurs quite locally and cannot be

captured at even the county-level. When translated into dollar terms, a typical homeowner would be willing to pay

around 5-10% more to have the local index available compared to the city index alone. For homeowners anticipating

local moves, the benefit is as large as 25% in dollar terms. Finally, local indices provide value to hedging local moves

that is unavailable with a city index alone.

The main computational challenge in the paper is the calculation of S&P/Case-Shiller (C-S) Home Price Indices

[19] for various subsets of homes in the sample. The C-S methodology uses repeat home sales to generate an index

that tracks real estate price appreciation over time, free of sample selection bias. I take advantage of the transaction

format of the raw data to construct a repeat sales database for this purpose. Once I have indices created I various levels,

I compare their predictive power using leave-one-out cross-validation so that all predictions are out-of-sample. Since

the home transaction data in this paper come from a single Maryland county (population 900,000), the Washington

D.C. metropolitan area is the broadest market studied. For this market, I use the official S&P/Case-Shiller Index that

is used for futures contracts on the Chicago Mercantile Exchange (CME). All other home price indices are calculated

from the home transactions database.

The local markets analyzed in this paper generally fall into one of two broad categories. The first type divides the

sample into partitions so that each home is exclusively in a single submarket. The four partition types are based on

district, zip code, home type, and market price. The former two are already coded in the tax database, and the latter

two are based on the first principal component of home characteristics and a hedonic price regression, respectively.

The second main type of local market is house-specific; that is, the market is centered at the home itself and extends

outward to the nearest N homes. I define and construct several types of house-specific indices, including a Nearest

Neighbor Index based on geographical distance, a Nearest Type Index based on the first 3 principal components of

home characteristics, a Nearest Price Index based on market price, and finally a 3-Dimensional Index based on all

three continuous variables. I calculate house-specific indices using locally weighted home price index regressions,

weighting transactions based on an epanechnikov kernel over the relevant dimension.1

The main advantage of house-specific indices with a continuous distance measure is that the size of the local

market is not predetermined. By changing the bandwidth, I can include as many or as few homes as necessary in the

index calculation. One of the main empirical contributions of this paper is the determination of the optimal bandwidth

that maximizes predictive power. In doing this, I learn about the optimal size of local market information. Too large

a bandwidth causes the market to be too heterogenous, whereas too small a bandwidth contains too few transactions

to have any predictive power. In the end, I choose the kernel bandwidth that minimizes mean squared error in home

price prediction and thus maximizes the index correlation.

1Using locally weighted regression with home transaction data in and of itself is not an entirely novel approach - see McMillen [12] for an
example and relevant references - but to my knowledge it has not been used to create ”house-specific” indices, where the weighting scheme is
unique to each home.
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Ultimately, homeowners will prefer local market indices to city market indices primarily because they have higher

correlations to home price shocks. Local indices add value through two main channels. The first is to reduce the basis

risk associated with index hedging. Basis risk arises from the presence of home price shocks that are orthogonal to

the index and therefore cannot be hedged. More local home price indices have less basis risk since the idiosyncratic

component of home price risk is smaller, so long as they are not so local as to introduce substantial measurement

error. Not only will the hedge be more effective, but homeowners will hedge a larger fraction of their risk. The second

channel through which local indices add value is by allowing a homeowner to hedge within-city moves, which is not

possible with city indices alone.

In order to estimate the value associated with hedging within-city moves, I analyze a variety of sample moving

scenarios faced by homeowners, including a ”representative” agent who moves with some probability according to a

poisson process. Table 1 presents some summary statistics of U.S. Census migration rates for Montgomery County,

MD, the source of the home transaction data. This table demonstrates the importance of hedging local moves for many

homeowners. In 2000, half of all homeowners lived in a different house than in 1995: 22.5% in the same county, 6.2%

in a different county in the same state, and 13.8% in a different state. As metro-level indices offer no hedging value

for moves within the same county (at least when buying and selling a home of similar value), even a well-functioning

market in metro-level indices would leave 58.4% of movers unhedged.

Although home prices rarely suffer a nominal price decline, it is not uncommon for housing prices to decline in

real terms. Figure 1 shows the inflation-adjusted price history for the Washington D.C. Index and the Montgomery

County Index over the time period spanned by the data. From the high point in 1990 to the low point in 1997, home

prices in the D.C. area declined by 25% in real terms. Given the speed and extent to which prices rose in the last few

years, it would not be unsurprising to see an equal or greater decline in the years moving forward.

If home prices were perfectly correlated with market indices, homeowners could hedge away all of the uncertainty

associated with home price shocks, but the idiosyncratic component of home price risk puts on upper bound on risk

reduction. In this paper, I attempt to approach this upper bound by maximizing local home price indices over several

dimensions. Index hedging creates a mutually beneficial exchange to the degree that homeowners can transfer their

home price risk to individuals, investors perhaps, who want to take on the risk. Homeowners may even buy more units

of housing that they otherwise would have in an unhedged position.

Finally, after examining the size and scope of local market shocks empirically, I set up a simple model to define

and assess the value of index hedging. The setup fits nicely into a regression framework, whereby a homeowner’s

optimal hedging strategy is given by the regression coefficients and the amount of the home price risk reduction is the

fraction of home price shocks explained by the index. The framework is general enough to be applied to a variety of

homeowner risk profiles, and I consider several specific cases in more detail.
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2 Home price indices and housing submarkets

Although the Case-Shiller home price indices have only recently gained mainstream media attention with their intro-

duction on the Chicago Mercantile Exchange, the academic history of home price indices dates back to Bailey et al.

[1], who first proposed a repeat-sales home price index calculation in a regression framework. The academic popu-

larity of such indices grew substantially in the late 1980s when Case and Shiller [5] and [6] refined the repeat-sales

empirical methodology and estimated home price indices with home transaction data for several U.S. cities. Over the

years, the Case-Shiller methodology has become more or less the academic gold standard for estimating home price

indices. An alternative approach to estimating home price indices is a hedonic regression of prices on home charac-

teristics, which either include time dummies or allow time-varying characteristic coefficients. Research efforts have

also been made towards combining the repeat-sales and hedonic approaches into single, hybrid-version indices.2 In

this paper, I focus on the repeat-sales methodology as my main computation of home price indices.

The ability for homeowners and housing-related businesses to hedge home price risk with such home price indices

was examined in detail by Shiller and Weiss [18], who proposed a variety of risk reduction financial instruments,

including futures, options, and event-triggered derivatives. Indeed, Macromarkets, LLC has recently partnered with

the CME to develop some of these instruments in practice. For a variety of reasons, including the low trading volume

(as of this writing) in the index futures markets and perhaps a lack of awareness among homeowners who might benefit

from such hedges, home price risk reduction with index derivatives remains largely a vision for the future.

There is also some discussion regarding issues with index revisions and contract settlements in repeat-sales indices.

Index revisions occur when previously published index estimates are revised based on new data. Clapham et al. [7],

Baroni et al. [2], and Deng and Quiqley [10] examine the magnitude of such revision errors, with the former warning

that revisions are ”not inconsequential for the settlement process”. Although the authors propose some practical

solutions to the revision process, they ultimately conclude that home price futures markets might better be served by

hedonic price indices. While revision biases may be substantial in some contexts, I choose not to directly address them

in this paper as they distract from the ultimate aim of examining within-market home price dispersion. One caveat,

however, is that revisions may be more important in smaller markets like the ones in this paper since econometric

precision is a major factor for price prediction. As a result, I am able to estimate more local markets than might be

possible in real time.

Another body of literature relevant for this paper is that which focuses on housing submarkets, or smaller groupings

of homes within a broader market, for example, a city within a country or a locality within a metropolitan area. Papers

that examine housing submarkets generally take one of two approaches. The first approach is to define submarkets

in an ”intelligent” way, with a priori information, perhaps by dividing up a region by census tract, school district,

2See Bourassa et al. [4] for a good overview and references to this research area.
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or zip code. Goodman and Thibodeau [14] use all of these divisions - including a more flexible hierarchical model

- to improve the predictive power of a hedonic regression of home prices on home characteristics. Their approach

essentially allows the researcher to choose various sets of submarkets and determine which ones have the best hedonic

predictive power.

Several studies extend this methodology by recognizing that housing submarkets can span home characteristics

beyond geography. Goodman and Thibodeau [15] point out that homes might be more appropriately grouped together

based on dwelling size, price per square foot, or some other combination of home characteristics compared to using

geography alone, again showing that such groupings improve hedonic price predictability. The paper also provides

references to other studies with similar techniques.

The second approach is more flexible and allows the data to statistically define housing submarkets. Dale-Johnson

[8], Maclennan and Tu [17], and Bourassa et al. [3] use factor analysis and clustering techniques to group homes

together, the basic idea being to estimate hidden factors of home clusters using a broad data set of home characteristics

and/or sales transactions and organize homes into subgroups based on how similar they are in price, land area, square

footage, location, etc. The latter study demonstrates the improved predictive power of a hedonic model that uses

housing submarket information in this setup.

While I draw upon ideas from the literature, I take a novel approach on several dimensions. By creating home

price indices with the Case-Shiller methodology, I implicitly focus on price co-movements rather than price levels as

the defining characteristic of a market. Two houses in precisely the same market will see their prices move together

since they respond to the same supply and demand forces. Home A and Home B need not necessarily be the same

price or the same size to be subject to the same market forces. The more important determinant is whether their prices

respond to the same supply and demand shocks. Fundamentally, I view each home is a unique product, and I seek to

identify which characteristics make homes close substitutes.

Unfortunately, price co-movements are not directly observable since homes transact so infrequently, so I must

first construct the price paths before I evaluate them. In doing so, I do not abstract away from price levels and home

characteristics entirely. Instead, I use notions of which factors might be relevant for price co-movement and then

allow the data to determine which correspond to substitutability. The house-specific indices allow me to calculate a

unique price path for each home and evaluate home substitution accordingly. Price indices which are created from

their correct underlying markets will have the greatest predictive power.

3 Data

The data used in this paper come from the 2006 Maryland property tax assessment database maintained by the Mary-

land Department of Assessments and Taxation. The State of Maryland uses the database for property tax assessments,
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so it includes a cross-section of home characteristics as well as the 3 previous sales transactions for each home. I

focus on Montgomery County, which is the largest county in Maryland by population, home to approximately 900,000

residents and 250,000 single-family homes. Sections of the county near the Washington D.C. border are mostly urban

while parts of the county far from the city are quite rural, so there is substantial variation in home prices and types.

Since I use the Case-Shiller repeat-sales methodology for calculating and evaluating home price indices, my final

data set consists exclusively of homes which have transacted twice over the sample period. The full county database

contains 227,554 single-family homes and ultimately 75,947 repeat sales pairs from 1985-2006. Following the lead

of Case and Shiller [5] and Standard & Poor’s [19], I take steps to exclude repeat-sales that may not be competitive

or take place over too short a time interval.3 Table 2 displays the summary statistics for the cleaned dataset of repeat-

sales used throughout the paper. Because the Maryland Department of Assessments and Taxation lacks latitude and

longitude for each home, I assign them using an ArcGIS address-matching algorithm, using which I identify the exact

location of 88.1% of the county addresses.

I also use the tax assessment database to divide the sample into four different local market partitions: ’District’,

’Zip Code’, ’Home Type’, and ’Price Band’. The District partition is based on 11 districts coded in the data. These

districts often overlap with the county’s 19 high school districts, though the high schools themselves are not directly

coded.4 Figure 2 displays the full sample of 200,493 geocoded homes as well as the imputed district boundaries.

The Zip Code partition is created from zip code identifiers also in the data. By collapsing smaller zip codes into

larger ones based on location, I create a full partition based on 30 zip code submarkets. The Home Type partition is

constructed from the first principal components of the following home characteristics: square footage, land area, year

built, construction grade, condition, type of structure, number of stories, type of exterior, and maintenance condition.

The homes are then ordered based on this principal component and divided into 11 equally sized submarkets.5 The

Price Band partition is based on the fitted values from a hedonic price regression on a similar set of characteristics used

3The raw tax assessment database contains the price and date of the previous 3 transactions for each home in the county. After linking together
consecutive sales at the same residence, I start with 121,210 repeat-sales pairs with complete price and date information. I consider only those
transactions after 1985. First, I drop all sales that are not ”arms-length”, indicating a non-competitive sale (a sale from one family member to
another, for example, would not be recorded as arms-length). Then, I drop all repeat-sales that occur over less than 12 months since these are likely
to be distressed sales. Next, I calculate an annualized return for each repeat-sale and drop observations that are outside one and a half standard
deviations of the return distribution mean (the dropped tails turn out to include 2.6% of the sample) in order to eliminate unusual sales circumstances
as well as homes which are most likely to have changed in quality. Finally, I drop all observations for which I cannot locate the longitude and latitude
of the address. The final sample contains 75,947 observations.

Because the database contains a maximum of 3 transactions for each home, there is some concern for missing sales if a home has sold four or
more times. A frequency plot of the earliest sale year relative to the construction year (since there are no sales before the home exists) suggests that
this is not likely to cause problems; possible ”missing” sales only affect 10% of homes built after 1995 and 20% of homes built after 1985. For this
reason and the sales transaction density for the early years, I calculate all indices for 1985-2006 only. Although the S&P/Case-Shiller indices are
not published for 1985-1986, I impute the index values for these years based on home price appreciation in Montgomery County during that time
interval.

4In an attempt to assign high school districts to the sample, I used the official maps from the Montgomery County Public Schools web site and
calibrated the longitude/latitude coordinates into computer pixel coordinates with Google Maps. The result was a noisy high school district variable
assignment which turned out to have less predictive power than the ’District’ variable provided by the database, despite their strong overlap. In the
end, I use only district variables provided in the database rather than assigning high school districts myself.

5I create 11 submarkets for both the Home Type and Price Band partitions to make them comparable to the District partition coded in the data,
though experimenting with other sizes suggests that anywhere from 5 to 15 submarkets would yield similar results.
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for the principal components.6 Finally, the database contains subdivision codes which I use for clustering standard

errors.

4 Local market shocks

4.1 Local home price indices

The most basic computation in this paper is a home price index regression, proposed by Bailey et al. [1] and popu-

larized by Case and Shiller [5]. Essentially, the calculation uses the time and price variation of repeat home sales to

estimate the path of average home price appreciation for a set of homes. Because the repeat-sales methodology is so

fundamental to the analysis, I provide a brief review.

The home price index calculation begins with a simple model of home prices, where the price (in logs) of any

home i in market j at time t is the sum of an individual component (αi), a market component (βjt), and an error term

(εijt):

logPijt = αi + βjt + εijt. (1)

Log price changes between t0 and t1 therefore do not contain the home i fixed effect:

∆ logPij(t0,t1) = logPijt1 − logPijt0 = βjt1 − βjt0 + εijt1 − εijt0 . (2)

Under this formulation, the market component time series (β) can be estimated with repeat sales pairs of prices and

dates. The dependent variable is the change in the log price between sales, and the independent variable is an N by T

matrix (number of homes by time periods) that represents the timing of the sales (t0 and t1) for each home:

∆ logP︸ ︷︷ ︸
Nx1

= β︸︷︷︸
Tx1

∗ Z︸︷︷︸
NxT

+ ε︸︷︷︸
Nx1

, (3)

where each row of Z contains a -1 for the first sale, a +1 for the second sale, and a 0 for all other time periods:

6The hedonic model regresses price at the time of sale on all available home characteristics for the 24,352 homes sold in 2005 and 2006. The
right-hand side variables include: ln(square footage), ln(land area), (year built), (year built)2, and dummy variables for quarter of sale, construction
grade, type of structure, number of stories, type of exterior, and maintenance condition. Districts and zip codes are intentionally omitted in order
to make the price prediction over home characteristics without using geography. I use the estimated model to predict the value of every home
in the sample for Q4-2006. The regression has an R2 equal to 0.515 (0.558 for a regression that includes geographical dummies), which is less
explanatory power than even the City Index in Table 4. As a validation check, the correlation between the predicted home prices and the official tax
assessment value used by the State of Maryland is 0.826 for the homes included in the regression and 0.868 for the full sample. As before, the final
partition also contains 11 submarkets.
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Z =



0 −1 0 ... 0 1 0 ... 0 0 0

−1 0 0 ... 0 0 0 ... 0 1 0

...

0 0 0 ... 0 −1 0 ... 0 0 1


︸ ︷︷ ︸

NxT

. (4)

Thus, β is a Tx1 vector representing the home price index over the time period covered by the data.

Case and Shiller [5] note that transaction pairs with longer time between sales tend to have larger error terms, on

average, which will be true if the error term (εijt) has a random walk component. To correct for this heteroskedas-

ticity, they estimate a second-stage regression of the error terms on the time between sales and rerun the first-stage

specification using the square roots of the fitted values from the second-stage as weights. Throughout the paper, I

adopt this convention to downweight repeat-sales over longer periods of time, though the results are not very sensitive

to this adjustment.

The most basic local market indices to construct and estimate are those which divide the sample into separate

partitions. I calculate four main partition indices based on district, zip code, home type, and price band using equation

(3) with various subsamples of homes. After constructing these local indices, I perform a variance decomposition by

regressing the change in log home prices on the changes in log home price indices:

∆ logPij(t0,t1) = α+ kcity∆βcity,j(t0,t1) + kcounty∆βcounty,j(t0,t1) + klocal∆βlocal,j(t0,t1) + εi, (5)

where βcity denotes the Washington D.C. Metro Index, βcounty denotes the County Index, and βlocal denotes the

relevant Local Index. The k’s are the regression coefficients, and the j and (t0, t1) subscripts on the indices indicate

the change in market j’s index between time t0 and t1. In other words, two homes in the same market will have

different right-hand-side values if their sales occurred at different times. Throughout the paper, equation (5) is the

main evaluative measure of index predictive power.

One can imagine the two extremes of such a regression. In a world where all home prices move one-for-one (in

percentage terms) with the index, the regression will have a perfect fit. Conversely, in a world where movements within

the home price distribution are entirely random, the index tell us only about the mean price change and the regression

will have no explanatory power. In other words, the explained variation in home price movements represents the

broad market risk which can be hedged and the error term represents the idiosyncratic home price risk which cannot.

Equation (5) allows us to distinguish between the two risks and determine their magnitudes empirically.

The regression format is convenient for a variance decomposition because the explained portion of home price

shocks will differ depending on what indices are included on the right-hand-side. A more detailed analysis in Section
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5 indicates that in the context of index hedging, the regression coefficients provide the optimal hedging strategy and

the R2 is the fraction of wealth variance reduction from hedging. Finally, the coefficients indicate how to create the

best composite index as a weighted sum of the raw indices. Such an index has identical predictive power to having all

of the above indices.

In order to avoid a spurious, mechanical relationship in the above regression, I utilize leave-one-out cross-validation

to separate the index calculation from its evaluation. In other words, each house-specific index is calculated using the

nearest N homes, not including the home of interest. I use this technique throughout - even the full sample index is

calculated many times, each instance leaving out a single home - so that indices are never evaluated with the same

homes used to create them.7

Before discussing the explanatory power of the various home price indices, I first present some descriptive statistics

of home price and index shocks. Table 3 presents the full sample and 1-year time series means and standard deviations

of log changes in prices and home price indices. The full sample statistics are unweighted averages and the time

series statistics are averages over time. The 1-year actual home price shock mean of 0.079 corresponds to roughly an

8% annual increase in home prices, most of which can be attributed to the explosive growth in the Washington D.C.

housing market during the last decade.

In order to examine the relative sizes of these shocks, I present index changes as residuals by subtracting the City

Index appreciation from the County Index (β̃county = βcounty − βcity) and subtracting both the City Index and the

County Index from each Local Index (β̃local = βlocal− β̃county−βcity). In other words, the local indices are reported

as residuals of the larger market components. The County Index has a mean greater than zero since Montgomery

County, MD has experienced slightly higher average home price appreciation in percentage terms than the rest of

Washington D.C. over this time period, but the residual variance of the County Index is quite small relative to the

other index shocks. All of the local indices have means close to zero since they are submarkets of the County Index,

which is calculated using the same data. The size of the local index shocks tends to be larger for indices that use lower

numbers of homes, both because the local variation is greater and the indices are less precise.

Table 4 presents the main regressions that explore the home price shock explanatory power of local partition

indices. Each column in the table represents the regression from equation (5) with different combinations of home

price indices included on the right-hand-side. For coefficient consistency across columns, I include the City Index in

full, the County Index as a residual of the City Index, and all local indices as residuals of both the City Index and the

County Index. Thus, the City Index coefficient represents the total sum of coefficients if each were index included in

full. In order to interpret how the explanatory power loads on each individual index, the reader should compare the

7In the case where home price movements are regressed on changes in a single index, the regression coefficient must mechanically equal 1 if
the index calculation is unweighted (as opposed to the standard Case-Shiller downweighting of sales over longer intervals) and the same home used
to evaluate the index is used in the right-hand side index calculation. While this issue is important to recognize, it will not be the case here since
neither of these two conditions are satisfied.
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local index coefficients to the ”Net City Index” and ”Net County Index” rows at the bottom of the table.

The first thing to note in Table 4 is the increasing R2 when local indices are added. The City Index by itself

achieves a pretty good fit (R2 = 0.711), and adding the County Index doesn’t improve predictive power substantially

(R2 = 0.715). Adding each of the local partition indices in Columns (3)-(6) generate modest improvements: District

Index (R2 = 0.729), Zip Code Index (R2 = 0.730), Home Type Index (R2 = 0.728), and Price Band Index

(R2 = 0.731). The R2 difference between column (1) and the other columns indicates the extra predictive value of

indices that capture local price shocks.

The coefficients are also useful in interpreting how the explanatory power is distributed across indices. The low

coefficients on the Net City Index and Net County Index indicate that the local indices absorb most of the predictive

power. In Section 5, I demonstrate that the coefficients are equivalent to the optimal index hedging strategy. The

coefficients indicate that an agent trying to hedge his home price risk would optimize by hedging with a local index

in lieu of a broader market index. Finally, the coefficients in the final column demonstrate that each partition captures

a different dimension of local market shocks, with the explanatory power loading roughly equal amounts on all four

partition indexes.

In later sections of the paper, I will revisit these results in the context of index hedging. For now, I move on to the

construction and evaluation of house-specific indices.

4.2 House-specific indices

One of the main innovations of this paper is to calculate house-specific home price indices using locally weighted

regressions based on geographical distance, home type, and price. I call them ”house-specific” because I use different

weights to calculate a unique home price index for each home in the sample. The basic idea of locally weighted regres-

sion, pioneered by Fan [11], is to minimize weighted mean-squared error, with weights decreasing over a continuous

distance variable based on the kernel selection and bandwidth. I adopt the notation of Deaton [9] in the framework

below.

In a locally weighted regression, each home is assigned a weight based on the distance over d dimensions (xd), the

type of kernel (K), and the kernel bandwidth (h). Mathematically, the weight for home i in the calculation of home

0′s index is given by:

θi
(
xd0, N

)
=

1
h(N)

K

(∥∥xd0 − xdi ∥∥
h(N)

)
. (6)

The distance function,
∥∥xd0 − xdi ∥∥, provides a measure of similarity between home 0 and home i based on measures

like geography and home characteristics. For example, when I weight homes exclusively based on price differential,

the distance function in this single dimension is given by
∥∥xd0 − xdi ∥∥ = |p̂0 − p̂i|, with p̂i being the fitted value of home
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i from a hedonic price regression. I write h(N) as such since I use ”nearest-neighbor” bandwidths that adjust in size

to include exactly N homes. This feature is especially relevant given the variation in home density across localities.

The basic choice is whether to have bandwidths defined relative to fixed measures, say distance in miles, or whether to

allow the kernel to expand in less dense areas so that I include the same number of homes in each calculation. In the

end, I choose the latter in order to have econometric consistency when evaluating various indices. Using θi(xd0, N) as

weights, the house-specific home price index for home 0 is a weighted version of the Case-Shiller index calculation

from equation (3):

β̂
(
xd0, θ(x

d
0, N)

)
=
[
Z ′θ

(
xd0, N

)
Z
]−1

Z ′θ
(
xd0, N

)
(∆ logP ) . (7)

All locally weighted regressions presented in this paper use epanechnikov kernels, for which weights decline smoothly

in distance, that extend outward to cover the nearest N homes. Indicator kernels were also tested and considered but

were ultimately omitted as they perform less well overall. Finally, note that the full county index and the partition

indices from Section 4.1 can be viewed as a special case of equation (7), where the kernel is an indicator function for

whether home 0 and home i are in the same partition.

I calculate four main types of local indices using locally weighted regressions: a Nearest Neighbor Index based

on geographical location (xN ), a Nearest Type Index based on home type characteristics (xT ), a Nearest Price Index

based on price (xP ), and a 3-Dimensional Index using a composite distance over all three variables. For the Nearest

Neighbor Index, geographical distance is calculated ”as the crow flies” using longitude and latitude coordinates. For

the Nearest Type Index, I calculate the first three principal components based on the following home characteristics:

square footage, land area, year built, construction grade, condition, type of structure, number of stories, type of exterior,

and maintenance condition, and the distance function for xT is just the spherical distance in the first three principal

components (normalized to have the same variance). The Nearest Price Index is based on a fitted hedonic price model

(described in Section 3), such that the distance function is simply absolute price differential: ‖xP0 − xPi‖ = |p̂0 − p̂i|.

Finally, the 3-Dimensional Index calculates the distance between homes as a weighted squared distance over all

three dimensions:
∥∥xd0 − xdi ∥∥ =

√
(xN0 − xNi)2 + (AT (xT0 − xTi))2 + (AP (xP0 − xPi))2. AT and AP are

coefficients that assign relative weights to home type and price differences, respectively, with AN set to 1. In three

dimensions, this kernel can be described as an ellipse where AT and AP determine the relative skewness along each

axis. I normalize xN , xT , and xP to be in standard deviation terms to give some interpretation to the coefficients. I

also allow a down-weighting for homes in different districts by fraction δ to simulate the effect of a home being ”down

the street but in the other district”. The main advantage of this kernel is that it can capture local shocks that occur

across several dimensions: i.e. the nearest N homes that are the similar in distance, type, and price simultaneously.

Whereas the 1-dimensional kernels have a single degree of freedom (the kernel bandwidth: h(N)), the 3-Dimensional
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Index is maximized over 4 degrees of freedom: h(N), δ, AT , and AP . More details on this maximization process are

provided in the following section.

4.3 Kernel bandwidth maximization

The local price index, βlocal, depends on the selected bandwidth and on the space over which distance is measured.

The optimal local index is the one that maximizes the predictive power of regression (5). Thus, I select a particular

distance measure and optimize the bandwidth relative to that measure. Including too many homes (wide bandwidth)

makes ”local” shock not so local anymore as the local market becomes less homogenous. Including too few homes

(narrow bandwidth) introduces too much noise to the index. I investigate this tradeoff in depth by calculating local

indices for the entire bandwidth space and ultimately choosing the one that maximizes the R2.

In order to reduce the curse of dimensionality, I parameterize the distance measure (
∥∥xd0 − xdi ∥∥) and typically

maximize over one home characteristic at a time. In each instance, I select a specific distance measure and maximize

the explained variance of regression (5) with a grid search over the number of homes to include in the index (N ).

For example, I choose ‖xP0 − xPi‖ = |p̂0 − p̂i| for the Nearest Price Index and then find the N that maximizes

the predictive power of β̂(xP , θ(xP , N)). The optimal bandwidth will differ depending on whether the broad market

indices are also available. If they are, large scale shocks are absorbed by the broad indices and the local index can

be more sensitive to local shocks. For the 3-Dimensional Index, I perform a gradient parameter search over the 4

parameters simultaneously: N (number of homes in the index), δ (out-of-district penalty), and AT and AP (relative

importance of home type and price, in standard deviations). In all cases, maximizing over N is just short-hand for

maximizing over h(N), meaning that the bandwidth is selected so that exactly N homes have non-zero weighting.

Figure 3 displays how the kernel bandwidths are maximized with respect to the locally weighted regressions. The

y-axis plots the R2 of changes in log home prices on changes in the log home price indices as in equation (5), with

the City Index, County Index, and either the Nearest Neighbor, Nearest Type, or Nearest Price Index on the right-

hand-side. The x-axis plots number of homes used to construct a weighted index, as in equation (7). As previously

discussed, the bandwidths grow or shrink with home density, so that their sizes are chosen to include exactly N homes

with positive weights. Recall that the Nearest Neighbor Index weights homes based on geographical distance, the

Nearest Type Index weights homes based on the first three principal components of home characteristics, and the

Nearest Price Index weights homes based on the difference in price.

A typical calculation for Figure 3 proceeds as follows. First, I choose the desired index type and the number of

homes to include in the index construction, say the Nearest Neighbor Index with N = 2000 homes. One-by-one, I

create a unique home price index for each of the 75,497 homes in the sample. Each index requires determining the

kernel bandwidth so that exactly 2000 homes get positive weights and then performing the weighted index calculation
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in equation (7). Next, I perform the main regression in equation (5) with the full sample, including βcity and βcounty

as right-hand-side regressors. In this case, the R2 = 0.740, so I plot the point (N = 2000, R2 = 0.740) in Figure 3.

The process is repeated for a grid search over N for each type of index.

Figure 3 illustrates the trade-off between econometric precision and index locality. When N is small to the far left

of the graphs, the local index contains mostly noise, so the explanatory power essentially relies on βcity and βcounty .

As N approaches 0, the local index contains no information and the graphs approach R2 = 0.715, which is the

explanatory power of βcity and βcounty alone. Moving up the graph as N gets bigger, explanatory power increases

as more homes are added and the estimates of the local market shock improve. At some point, the local index hits

a maximum and adding additional homes decreases predictive power as the market becomes less and less local. The

maximization occurs when the cost of making the market larger exactly offsets the improvement in predictive power

from a more precise local index. Asymptotically as N goes to∞, the predictive power reverts back to R2 = 0.715 as

the local index no longer contains any local information.

The location of the maximization and the shapes of the plots in Figure 3 provide information about the relative sizes

and characteristics of local market shocks over each dimension. For example, Nearest Neighbor Index maximization

indicates that local markets defined over geography are quite homogenous relative to the other two measures. This is

illustrated by the sharp improvement in predictive power for small values of N . Even the smallest local markets in this

space add significant improvement. The best Nearest Neighbor Index occurs using the nearest N = 2500 repeat-sales

pairs (R2 = 0.741). This local market corresponds to roughly 10 square miles (2% of the county land area) and 7500

single-family homes (3% of the total number of residences) for the median home.8

The other two indices achieve maximums at larger market sizes. The Nearest Type Index achieves roughly the

same maximum (R2 = 0.741) but uses a local market roughly 2.5 times as large (N = 6500) as the Nearest Neighbor

Index. The Nearest Price Index does not achieve as high a maximum value (R2 = 0.733) as the other two, indicating

that searching exclusively over price is a less effective strategy than searching over geography or home type. Creating

the best Nearest Price Index requires a local market that spans roughly $200,000 and contains 20% of the county

(N = 15000) for the average home price index.

Table 5 performs the same bandwidth maximization exercise for a variety of index combinations. The maximiza-

tions from Figure 3 are in Row 2. The top row shows the maximization with a local index exclusively, dropping βcity

and βcounty as regressors, resulting in slightly larger markets and less predictive power. The subsequent rows repre-

sent different maximums that depend on what other indices are included. For example, Row 5 indicates that when

combined with a simple partition index based on home type, the Nearest Neighbor Index achieves quite a good fit

8One of the disadvantages of using nearest neighbor kernels is that I must report the local market size as a median or mean rather than as a
fixed value for all homes. In addition, one might be more interested in the total number of homes in a market rather than the number of repeat-
sales (though they will be proportional to the extent that sales volume is evenly distributed). Still, I think these drawbacks are outweighed by the
econometric consistency gained by using the same number of observations in each index calculation.
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(R2 = 0.746). The best index combinations are those which capture both spatial and home type information.

Finally, I attempt to capture local market shocks by maximizing the 3-dimensional kernel over geography, home

type, and price simultaneously. The maximized parameters are: N = 6000, δ = 0.575, AT = 0.9, and AP = 1.2,

and such an index achieves a fit of R2 = 0.750 when βcity and βcounty are included. In this case, the optimal N is

larger than the Nearest Neighbor Index but it spans 3-dimensions. Indeed, this index does not consider the ”mansion

down the street” or the ”identical home on the other side of the county”. The δ value of 0.575 indicates that homes

in different districts are about half as important as homes in the same district. Interestingly, the variation in price is

given the most weight in the distance calculation even though this variable performed the worst using single-variable

kernels. In other words, the market is narrow with respect to price as long as the search scope is limited in other

dimensions.

Revisiting Table 3, I display some summary statistics of the local market shocks measured by the house-specific

indices. As expected, the local shocks have a higher variance than the broad market indices. The higher variance is

driven both by higher local market volatility and measurement error for small local markets. I include indices where

N = 500 to illustrate the lack of econometric precision when an index is constructed using too few homes.

Table 6 presents the raw correlations of these shocks which ultimately determine the explanatory power of the

indices. The City Index has a 0.84 correlation with the actual home price shocks as well as a correlation of 0.41 with

the residual County Index. Columns 2 and 3 contain almost exclusively zero correlations since the local indices are

displayed as residuals of the County Index. As expected, the correlations are high enough to suggest that the local

indices contain some of the same information but low enough so as to contain orthogonal information as well.

Table 7 presents the main regressions of changes in log home prices on changes in log home price indices for the

house-specific indices. As before, each column in the table represents a different combination of home price indices

included on the right-hand-side of the regression, and the local indices are calculated as residuals of the County Index.

On the whole, the house-specific indices demonstrate significant improvement over the simpler partition indices. The

fits of the optimal indices are given by: Nearest Neighbor Index (R2 = 0.741), Nearest Type Index (R2 = 0.741),

Nearest Price Index (R2 = 0.733), and 3-Dimensional Index (R2 = 0.750). Including all indices simultaneously

achieves the best fit (R2 = 0.756).

Recall also that the coefficients provide information about which indices absorb most of the predictive power. In

columns (3)-(9), one can compare the coefficient on the local index with those in the ”Net City Index” and ”Net County

Index” rows. Note that the coefficients on theN = 500 indices are substantially lower than the optimized indices since

they contain more estimation noise. In the final column, the 3-Dimensional Index absorbs by far the most predictive

power, indicating that it is perhaps the best measure of a local market.

14



4.4 Variance decomposition of home price shocks

Up until this point, home price shocks have been considered without reference to the fact that shocks vary substantially

by the time interval between sales. Although it may be obvious that price shock variance increases with time, it is

not obvious before looking at the data how the proportion of each component varies in the time dimension. This is

especially important in an index hedging context because it determines which time intervals can be most effectively

hedged by broad market indices.

Figure 4 presents the variance decomposition of home price risk over the time interval between sales into city,

local, and idiosyncratic components. The city risk component is the portion of the graph below the dotted red line and

represents the home price shock variation explained by βcity . The local risk component is the portion of the graph

above the dotted red line but below the dashed blue line and represents the additional explanatory power of βcounty

and βlocal. The remaining portion above the dashed blue line is the idiosyncratic home price risk that cannot be hedged

by any index. Explanatory power achieves a maximum at 4.5 years, when the city and local components explain 82%

of home price shock variance. Over the entire range of time intervals, home price shocks attribute as little as 3% and

as much as 7% to local markets. The inverted-U shape indicates that home prices most strongly correlated with their

markets over a 4-5 year time interval. Shorter time intervals are perhaps subject to more short-term sales variance,

whereas long-term correlation is more likely influenced by individual maintenance and upkeep relevant for property

values relative to the market.

Figure 5 presents the risk decomposition unadjusted for the increasing shock variance with time. The risk share is

the same as Figure 4 but the risk is presented in absolute rather than relative terms. As before, the city risk lies below

the dotted red line, the local risk lies between the dotted red line and the dashed blue line, and the idiosyncratic home

price risk lies above the dashed blue line. In the context of index hedging, the idiosyncratic risk is the value ”left on

the table” that cannot be captured by a home price index. Although the proportion of explained home price shocks is

maximized at 4-5 years, the overall hedging benefit is still larger for longer time intervals.

Thus far, I have emphasized the size of local market shocks and the extent to which indices can explain the variance

in home prices. I now turn the focus towards estimating the utility and dollar value of index hedging from the point of

view of a representative homeowner.

5 Index hedging

The S&P/Case-Shiller metropolitan home price index futures markets began trading on the Chicago Mercantile Ex-

change (CME) in May, 2006. One benefit of these markets is to allow individuals and business to hedge home price

exposure with futures and options and transfer this risk to a broader set of investors. As of January 2008, futures

15



contracts trade on the CME for a US composite index and 10 metropolitan areas for time intervals up to five years

ahead. From the perspective of an individual homeowner, the availability of such indices should be welcomed as

an opportunity to shed some unnecessary home price risk and turn out to be especially important in the downward

housing market that seems to have begun in the United States since 2005.

Consider the hedging strategy of a homeowner or prospective homeowner planning to buy or sell a home at some

date in the future. He can either remain unhedged to this home price risk by simply participating in the market at that

future time, or he can hedge his home price risk by entering into a real estate futures contract based on a home price

index for that location. Mechanically, the hedging strategy works as follows. A homeowner who wants to sell a home

can enter into a futures contract that pays off if a home price index falls below a market-determined level. If prices

unexpectedly rise, he makes money by selling his home at a higher price but loses money on the futures contract.

Conversely, falling prices means that he loses money on his home sale but makes money on the hedge. In either case,

the homeowner has reduced his exposure to changes in the value of his house, either up or down. The same logic and

strategy can be applied to a prospective homeowner buying into a market or to any individual planning to change his

or her home price exposure (trading up for a more expensive house, for example).

The effectiveness of such a hedging strategy depends on the correlation between home price shocks and the index

used to hedge. With a perfectly correlated index, homeowner can fully hedge and remove home price risk entirely.

But because home values do not move one-for-one with the index hedge, a hedge homeowner reduces his home price

risk but incurs basis risk in the process. A higher correlated hedge will make him better off for two reasons. First,

basis risk is reduced for any given amount of hedging, and second, homeowners will purchase larger hedges than they

would have with a lower correlated index.

I model the value of index hedging with a simple, single-period representative agent problem with two types of

assets: (1) homes and (2) futures contracts for the home price index hedge. In the base case, the agent owns a home and

plans to exit the market at some future data. He needs only to hedge his exposure to his current home’s price. Thus,

he owns 1 unit of housing and hedges with k units of an index futures contract. In the more general setup, the agent

anticipates a move from his current home to one of many potential future homes. After choosing an index portfolio,

the agent’s assets incur one-time price shocks: home i receives shock εi and index j receives shock νj . I assume that

all shocks occur in logs and are normally distributed with standard deviations equal to σεi and σνj , respectively. The

correlation structure between the shocks is non-zero and known by the agent.

In order to arrive at a closed-form solution, I assume that the agent has a Constant Relative Risk Aversion (CRRA)

utility function over his wealth: U(w) = −w(1−λ)/(1 − λ), where λ > 1 is the coefficient of relative risk aversion.

I assume that all wealth shocks are log-normally distributed, so that the agent effectively maximizes the mean of his

log wealth distribution minus one half of the variance times the risk aversion parameter: max
[
µlogw −

(λ−1)σ2
logw

2

]
.

With actuarially fair indices, an agent’s portfolio does not change the distribution mean and thus agents seek merely to
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minimize the variance of wealth. Under this formulation, the certainty equivalent (CE) of a future wealth distribution

is just the term inside the brackets, and the value of index hedging is the certainty equivalent of the hedged distribution

minus the certainty equivalent of the unhedged distribution. If hedging with an particular index reduces an agent’s

wealth variance by fraction f , the value of that hedge is given by:

V alue
(
f, σ2

logw, λ
)

= CE
(
µlogw, (1− f)σ2

logw, λ
)
− CE

(
µlogw, σ

2
logw, λ

)
= f

(λ− 1)σ2
logw

2
. (8)

According to equation (8), the value of a perfect hedge (f = 1) equals
(λ−1)σ2

logw
2 ; the agent would be willing to pay

this amount for access to a fair market in such hedges, as this would permit him to eliminate his risk entirely.

I focus on futures contracts exclusively rather than consider alternative financial instruments, most notably put

options as suggested by Shiller and Weiss [18], for several reasons. First, basis risk is still relevant for homeowners

who hedge with put options, who would expect the puts to pay off in precisely the same scenarios as when their home

value declines. Second, futures contracts are the most natural hedge for a homeowner that wants to remove home

price speculation entirely; homeowners still take on home price exposure when hedging with put options. Finally, one

would expect the main qualitative results are to carry over with other derivative contracts.

5.1 Hedging a single home

I begin with the simplest case of index hedging, where an agent owns 1 unit of housing and hedges with k units of a

real estate index. After the shocks are realized, the agent’s wealth process is given by log(w) = log(w0) + ε + kν,

with the correlation between the two assets given by corr(ε, ν) = ρ. The mean of ε represents the expected home

price appreciation and may be non-zero whereas the mean of ν equals zero since the hedge is actuarially fair. So

log(w) ∼ N(log(w0) + µε, σ
2
ε + k2σ2

ν + 2kσεσνρ). Note that the agent has no control over his distribution mean,

but only the distribution variance, which he seeks to minimize. The crucial parameter in this model is the correlation

between the home price shock and the index shock, which will depend upon which index is used.

The optimal hedging strategy and minimization of wealth variance fit nicely into a regression framework. The

variance of log(w) is minimized when k∗ = −ρ σεσν = − cov(ε,ν)var(ε) . Note that k∗ is the coefficient from a regression

of ε on ν, and that k∗ is negative when ρ is positive since the agent wants the value of his hedge to increase when

the value of his home decreases, and vice versa. This corresponds to the notion that an agent long on housing will

in general short the housing index. Although k∗ decreases with σν , the unhedged fraction of his home value is

var (log(w) | k∗) = σ2
ε

(
1− ρ2

)
; the homeowner merely adjusts the size of his hedge to compensate for the variance

differential between the shocks. The reduction in wealth variance is just one minus the R2 from the regression used to

compute k∗. The quadratic correlation reduction can be interpreted as the combination of two multiplicative effects:

(1) the hedge performs better for any amount purchased and (2) the agent buys more of it. With perfect correlation
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(ρ = 1), the variance of wealth equals zero, and with complete independence (ρ = 0), the agent buys no index

hedge and incurs a shock equal to the unhedged wealth variance. Remember from equation (8) that the value of index

hedging can be written as a fraction of the perfect hedge. In words, if an agent is willing to pay $10,000 to remove all

of his home price risk, he should be willing to pay $10,000*ρ2 to hedge with an index that has correlation ρ.

The same analysis carries over to multiple indices, where the optimal hedge falls directly out of a variance decom-

position. A home price shock can be decomposed into a city market component (C), a local market component (L),

and an idiosyncratic component (D). If a homeowner have two available indices, the city index (νC) and the local

index (νL), a homeowner’s optimal hedging strategy is given by the negative coefficients of a regression of ε on νC

and νL. As before, the certainty equivalent value of the portfolio is increased via hedging by an amount equal to the

R2 times the certainty equivalent of the perfect hedge. Partial hedging with each index is equivalent to hedging with a

composite index, which weights the two indices according to their regression coefficients.

This setup also useful in interpreting the regression coefficients presented in Table 4 and Table 7. For example,

Column (2) in Table 7 suggests that the County Index nearly dominates the City Index since the optimal strategy is

to go short 0.938 units of the County Index and only 0.048 units of the City Index. Remember that the agent actually

wants to be short the home price index if he is long his own home. Just as the County Index dominated the City Index,

certain local indices dominate both the County Index and the City Index in terms of hedging strategy. An example of

this is Column (9), where the agents shorts 0.911 units of the 3-Dimensional Index, 0.070 units of the County Index,

and only 0.008 units of the City Index. When the agent can hedge with multiple local indices, he sometimes hedges in

the opposite direction with the County Index, as in Column (10) when he shorts all of the local indices but goes long

the County Index by 0.306 units. The final regression in Column (11) indicates that the primary hedge will come from

the 3-Dimensional Index, as indicated by the largest coefficient.

In assessing the dollar value of index hedging, the two main considerations are the amount of risk there is to begin

with and the extent to which index hedging reduces this risk. According to equation (8), the willingness to pay for

index hedging can be estimated with three parameters: ρ (the correlation between one’s home price and the index),

σε (the standard deviation of the log home price shock), and λ (the coefficient of relative risk aversion). Because the

first two can be estimated from the data, the only free parameter is λ. I calibrate the risk aversion to be λ = 2.377

by assuming that the median homeowner has a $10,000 valuation for removing his home price risk entirely over a

5-year period. The standard deviation of home price shocks over this time period is around 18% of one’s home value,

corresponding to roughly $95,000 for a home worth $500,000. This risk aversion parameter as such is not meant to be

a dogmatic assumption, but rather to place a reasonable dollar value - as determined by this author - on index hedging.

Table 8 presents the value of hedging one’s home price risk as a function of which indices are available. Row 1

represents an unhedged homeowner, who by definition is exposed to the price risk on his own home. Row 15 represents

a homeowner who can hedge his home price risk using a perfectly correlated index. All rows in between represent
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various local hedges that have been studied throughout this paper. The value of the perfect hedge is determined based

on the estimate of σε for each time interval. The estimates used in this table are σ̂ε = 0.113 for 2-years, σ̂ε = 0.166 for

5-years, and σ̂ε = 0.223 for 8-years. The only other parameter to determine the value is ρ, which will vary depending

on the index used.

Each row in Table 8 contains an estimate for ρ, the hedge value in dollar terms, and the hedge value as a percentage

of the perfect hedge. Readers should observe that the 5-year value in Row 15 equals $10,000 by assumption. The City

Index in Row 1 has the highest correlation in the 5-year range, capturing 78% of the value of the perfect hedge

compared to 58% and 68% for the 2-year and 8-year intervals. The 3-Dimensional Index in Row 11 is the best

performing local index, improving the value of index hedging relative to the City Index by five percentage points and

5-10% in dollar value. The benefits of local indices are the greatest in percentage terms for the 2-year interval but

the greatest in dollar terms for the 8-year interval, driven by the increasing variance of home price shocks over time.

Indeed, the dollar values for the 8-year interval are almost six times as large as those for the 2-year interval. Including

multiple local indices in the regression increases the value by another percentage point or so, but the gains are not

substantial relative to the 3-Dimensional Index.9

On the whole, the share of home price shocks attributed to local markets is not huge but not insignificant either.

The relative sizes of the city shock versus the local shock versus the idiosyncratic home price shock make it such

that adding local indices increases the value of index hedging by 5-10%. In the following section, I consider a more

general setup where homeowners care not only about the prices of their own homes, but also about the prices of homes

to which they might move.

5.2 Hedging multiple homes

In the more general setup, I consider homeowners who anticipate continued participation in the real estate market. An

agent who plans to retain his house forever has no effective exposure to price risk. One who plans to move to another

house is exposed only to the differential shocks to the two houses (plus common shock multiples of the difference in

current values). Fundamentally, homeowners are ”long” their own homes and ”short” the homes they want to move

into. If a homeowner is planning to move from city A to city B in 1 year, he hopes that prices rise in city A and fall in

city B between now and then, but will be hurt if city B prices rise relative to city A. By going short a city A index and

going long a city B index, he can reduce his overall price risk by locking in the expected price appreciation differential

today rather than waiting to see how prices unfold in 1 year. But without available local indices, he has no option if he

wants to hedge the possibility that he might move to another location within his current city.

As before, I utilize a regression framework to estimate the value of index hedging when multiple homes and
9Since home price shocks vary substantially over a typical real estate cycle, there was some concern that results would be driven by oversampling

in recent years (due to more homes and better data). But performing similar calculations after weighting sales by the inverse of their frequency over
time results in pretty much the same outcome.
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indices are involved. Under this formulation, the agent’s wealth process is a weighted sum of home price shocks and

index shocks. The agent’s wealth is given by w = w0 +
∑N
i=0 aiεi +

∑N
i=0 kiνi, where the homes and home price

indices are number 0, 1, 2, ..., N , and ai represents the agent’s exposure to house i (positive for currently owned homes

and negative for possible future homes). The optimal hedging strategy is given by the coefficients of a regression of∑N
i=0 aiεi on ν0, ν1, ... , νN , and the fraction of overall wealth reduction equals one minus the R2.

In order to simplify the analysis, I restrict the wealth process to 3 types of homes: ε0 for a homeowner’s current

residence, ε1 for a potential house in a new city, and ε2 for a potential house in the same city. I define home price

indices similarly, so that νi is the most local index relevant for home price shock εi. Thus, a variety of homeowner

moving scenarios can be analyzed with the setup. Some examples include homeowners not planning to move (a0 = 1,

a1 = 0, and a2 = 0), homeowners moving to another city (a0 = 1, a1 = −1, and a2 = 0), homeowners moving

locally (a0 = 1, a1 = 0, and a2 = −1), homeowners upgrading their homes (a0 = 1, a1 = −2, and a2 = 0), and

homeowners moving with uncertainty (a0 = 1, a1 = −α, and a2 = −π), where α is the probability of an intercity

move and π is the probability of a within-city move.10

As before, I model home price shocks as the sum of independent city, local, and idiosyncratic components:

εi = Ci + Li + Di. In order to estimate the model, I assume that idiosyncratic shocks and local market

shocks are uncorrelated across homes and localities and that all homes symmetrically receive component shocks with

the same variances. Specifically, the formulation is:


ε0

ε1

ε2

 =


C0 + L0 +D0

C1 + L1 +D2

C0 + L2 +D2

 ,


D0

D1

D2

 = N
(
0, σ2

DI
)
,


L0

L1

L2

 = N
(
0, σ2

LI
)
,

 C0

C1

 = N

0, σ2
C

 1 γ

γ 1


 .

Note that ε0 and ε2 have the same city component, C0, which has a non-zero correlation (γ) with the other city com-

ponent, C1. The above formulation has 4 degrees of freedom (σ2
D, σ

2
L, σ

2
C , γ) which completely define the system.11

With this formulation, I also define σ2
ε = var(Ci + Li + Di) to be the total variance of a home price shock, and

ρC = corr(Ci+Li+Di, Ci) and ρL = corr(Ci+Li+Di, Ci+Li) are the correlations between home price shocks

and the city and local indices, respectively.

Under this setup, the optimal hedging strategy and wealth variance reduction are additive and separable. As long

10It would have been just as easy to restrict π = 1−α, but I choose to keep two separate parameters to more closely reflect the values in Table 1.
11This model makes sense insofar as local markets are ”large enough” so that a local price index has a sufficient signal to noise ratio. The more

homes are included in the index construction, the smaller the estimation error and the stronger is this assumption. The regression coefficients in
Table 7 suggest that this is probably reasonable for most of the local indices used in the value calculations.
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as the homes are in different local or city markets, index νj provides no additional predictive power for εi above and

beyond that already included in νi. The optimal hedging strategy in this case is k∗i = − ai ρi
σεi
σνi

= − ai
cov(εi)
var(νi)

and the wealth variance at the optimum is var (logw | ki = k∗i ) =
∑N
i=0 a

2
i

(
1− ρ2

i

)
σ2
εi . This is identical to the

previous solution except for a multiplicative adjustment for ai. Importantly, the optimal hedging strategy and the

wealth variance do not depend on the correlations between the home prices. The agent uses the same hedging strategy

regardless of whether his future homes are highly correlated or not.

Although the home price correlation structure has no impact on the hedged wealth variance, it does affect the un-

hedged wealth variance and thus the agent’s willingness to pay in order to hedge. The intuition here should be obvious:

a homeowner moving to more highly correlated markets has less to gain from index hedging than a homeowner moving

to more independent markets. Mathematically, a homeowner’s unhedged wealth variance is given by var(
∑N
i=0 aiεi),

which is larger if the shocks are more independent since some of the coefficients are negative. The fraction of variance

reduction is given by f = var(
∑N
i=0 k

∗
i νi)

var(
∑N
i=0 aiεi)

, which is just the R2 of
∑N
i=0 aiεi regressed on ν0, ν1, ..., νN . Hence, we

get the standard result that perfect hedging instruments (corr (εi, νi) = 1) reduce the residual wealth variance to 0 and

completely uncorrelated hedging instruments (corr (εi, νi) = 0) do not reduce the wealth variance at all.

In order to value index hedging, I denote fC and fL to be the fraction of wealth variance reduced by city and local

index hedging, respectively, and reconsider the case of 3 home price shocks. The latter is given by:

fL =
var (k∗0ν0 + k∗1ν1 + k∗2ν2)
var (a0ε0 + a1ε1 + a2ε2)

=
ρ2
Lψ + ζ

ψ + ζ
, (9)

where ψ = a2
0 +a2

1 +a2
2 (the variance terms) and ζ = 2a0a1ρ

2
Cγ+2a1a2ρ

2
Cγ+2a0a2ρ

2
C (the covariance terms). The

fraction of wealth reduction is increasing in ρL, and a homeowner can remove his wealth variance entirely if ρL = 1.

The case of ρL = 0 would mean that homes have zero correlation with their local index as well as their city index

(ρC = 0), so the optimal strategy would be to remain unhedged. Similarly, I calculate the value of index hedging

using city indices only:

fC =
var (k∗0ν0 + k∗1ν1)

var (a0ε0 + a1ε1 + a2ε2)
=
ρ2
C(a2

1 + (a0 + a2)2 + 2a1(a0 + a2)γ)
ψ + ζ

. (10)

In this scenario, the homeowner is hedging three homes with two indices and cannot hedge his intercity move. In-

stead, he hedges the net shock (a0ε0 + a2ε2) that arises from selling and buying into the same city market. In the

case of a purely intercity move (a0 = 1, a1 = 0, a2 = −1), the agent gets no benefit at all from city hedges.

Thus, the overall improvement of local indices is the proportion of home price shocks represented by the difference:

fL − fC = (ρ2L−ρ
2
C)ψ

ψ+ζ . However, the full benefit of local indices can only be captured if a homeowner knows the

specific locality to which he is moving, otherwise he will have to his potential future homes with city indices. In this

circumstance, the numerator of equation (9) changes to (ρLa2
0 + ρC(a2

1 + a2
2) + ζ) and improvement of local indices
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reduces to: fL − fC = (ρ2L−ρ
2
C)a2

0
ψ+ζ .

Ultimately, equations (9) and (10) are the main evaluative measures of the total benefit of localized indices. The

risk profile of a homeowner hedging multiple homes can be substantially different than the risks faced on his own

home exclusively. The important difference is that he now cares about the correlations between the home values. With

this key idea in mind, I estimate the dollar value of index hedging for a variety of moving scenarios.

Before presenting the main results, it is worth reviewing the estimation procedure for the various parameters

in equations (9) and (10). Table 9 presents the descriptions and estimation procedures for all relevant parameters

necessary to determine the value of index hedging. The five parameters at the top of the table represent static values that

are fixed throughout. The risk aversion parameter (λ = 2.377) is selected to calibrate the model, and the estimates for

the others are the probability of moving in each quarter (p̂ = 3.5%), the probability of an intercity move (α̂ = 28.1%),

the probability of a within-city move (π̂ = 58.4%), and the median home price (P̂ = $525,000). The moving

probabilities are relevant for the ”representative” agent who moves with the probabilities equal to the city averages

from Table 1. As mentioned, λ is chosen to calibrate the model and P is taken as the median home price in the sample.

The parameters estimates in the lower half of Table 9 vary with the time interval between sales, so multiple

estimates of each are used and reported. Although the table displays only the 2-year, 5-year, and 8-year values, the

full estimation graphs can be found in the Appendix. The estimates are for the standard deviation of the log home

price shock (σ̂ε = 0.113-0.223), the home price correlation of the city and local indices (ρ̂C = 0.760-0.883 and

ρ̂L = 0.801 − 0.905), and the average pairwise correlation of other city indices with the Washington D.C. Index

(γ̂ = 0.541-0.576).12 In all of the index valuations, the parameters from the appropriate time interval are used. The

full plot of parameter estimates over varying time intervals can be found in the Appendix.

I estimate the value of index hedging for 6 different moving scenarios, which are listed at the top of Table 10. They

are hedging one’s current residence only (a0 = 1, a1 = 0, a2 = 0), moving to a new city (a0 = 1, a1 = −1, a2 = 0),

moving locally (a0 = 1, a1 = 0, a2 = −1), moving to an unknown location (a0 = 1, a1 = −α, a2 = −π), and

moving with probability less than 1 (a0 = 1, a1 = −pα, a2 = −pπ, or a0 = p, a1 = −pα, a2 = −pπ). The reason

for two listings in the last case is to provide flexibility in the interpretation, the difference being whether the agent

absorbs his own home’s price shock with certainty (a0 = 1) or with his probability of moving (a0 = p). Either

interpretation could make sense in the right circumstances, though I prefer the former. The probability of moving for

each time interval is calculated using a poisson process with a constant quarterly hazard rate of p̂ = 3.5%. In all cases,

I use the 3-Dimensional Index as the local hedge.

12I estimate γ using the average pairwise correlations of the S&P/Case-Shiller city indices with the Washington D.C. Index as published by the
Chicago Mercantile Exchange. For the estimation, I take the 13 cities besides Washington, D.C. that have published indices all the way back to 1987
(Boston, Charlotte, Chicago, Cleveland, Denver, Las Vegas, Los Angeles, Miami, New York, Portland, San Diego, San Francisco, and Tampa), and
calculate log price changes over various time intervals. I then calculate the across-time correlations with the Washington, D.C. Index and average
over the 13 cities. Although the risk profile depends on the specific city to which a homeowner is moving, I do it this way to represent an equal
chance of moving to each. Intuitively, the lower the between city correlation, the more value there is to hedging with a city index.
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Whereas the values in Table 8 reflect only the improved correlations of local indices, Table 10 additionally includes

the value-added of hedging within-city moves. Readers should recognize Column (1) as the same information as the

3-Dimensional Index from Table 8, where the 2-year value of the city index is $2,679, the local index is $2,978

($2679 + $299), and the perfect hedge is $4,650 ($2679 + $299 + $1672). The subsequent columns represent the

corresponding values for the other moving scenarios.

Column (2) presents the values for hedging an intercity move. By adding low-correlated price risk in the form of a

potential future home, the total risk over 2-years as measured by the value of the perfect hedge increases from $4,650

in Column (2) to $6,405. The additional risk comes from roughly doubling the local and idiosyncratic components.

The value of hedging with city indices actually decreases due to the positive correlation between the city indices. In

total, adding local indices increases the dollar value of hedging an intercity move by around 25% for a 2-year time

interval and 12% for the 5-year and 8-year intervals. Column (3) presents the values for hedging a local move. The

total risk in this scenario is less than the is less than in Columns (1) and (2) since the agent is trading one asset for

another highly correlated asset. Even the specific row corresponding to the local component is lower than Column (2)

since the local markets themselves are more correlated. However, the local index allows homeowners to hedge 10-20%

of their home price risk compared to none at all with city indices. In both of these two columns, only half of the benefit

of local indices is captured if a homeowner does not know the specific locality to which he is moving. In this case, he

would hedge his current home with a local index (since he certainly knows its location!) and the future home with a

city index to represent a random probability of moving to each house within the city.

The remaining columns present variations of a ”representative” agent who moves with probabilities equal to the

county averages in Table 1. Recall that p is the probability of moving (which increases over longer time intervals) and

that α = 28.1% and π = 58.4% are the probabilities of intercity and within-city moves, respectively, conditional on

moving. Column (4) is a homeowner who moves with certainty but does not know whether his location will be within-

city or intercity. Column (5) and (6) represent a homeowner who moves according to a poisson process every period.

The value of index hedging is typically lower in these cases since the probability of experiencing a non-correlated

home price shock is lower. In sum, the real risk in these cases arises from the homeowner with exposure to more

independent housing markets or with differential exposure across homes.

Fundamentally, the value of index hedging depends on the way one thinks about home price risk and also on what

measuring stick is used. If homeowners care about price shocks only to the extent that relative prices between homes

change, then the risk only matters when a transaction occurs. On the other hand, homeowners should care about home

prices relative to all other goods and assets since their wealth measured in dollars is changing. I could have explored

these interpretations in more detail by perhaps considering all home price shocks adjusted for inflation or home price

shocks relative to other asset classes. In the end, there are a multitude of ways to tweak the model to more accurately

represent home price risk for a particular homeowner. Ultimately, I make my best effort to capture what seems to be
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the risk profile of a typical homeowner and to determine the value of index hedging accordingly.

6 Conclusion

In this paper, I define and evaluate a variety of local markets within a broader metropolitan area in an attempt to

learn about the size and scope of local real estate markets. In an effort to optimally capture the local market compo-

nent of home prices, I use locally weighted regression techniques that maximize home price explanatory power over

continuous variables such as location, home type, and price. One would never expect even the best local indices to

explain home price shocks completely since there will always be some house-specific risk component that can never

be hedged. Overall, I would expect that the local indices in this paper approach this upper bound of explanatory power

because of their flexible maximization over several dimensions.

Ultimately, I demonstrate that there is a fair amount of local variation that can be captured with local market

indices. Depending on the time interval in question, as little as 3% or as much as 7% of home price shock variation

can be attributed to local markets. Overall, I find markets to be quite local, with the best market information coming

from local markets defined over roughly 10 square miles and 3% of the county residences. The findings in this paper

suggest that we at least need to be thinking of local markets at least as small as 7,500 homes.

The two main benefits of adding local market indices is that homeowners will hedge more of their home price risk

and the hedges will perform better. I estimate that local market indices would increase the value of index hedging by

5-10% for a typical homeowner and as much as 25% for homeowners facing various moving scenarios. Because local

market indices allow homeowners to hedge local moves, they additionally provide value where city indices have none.

Although the estimates in this paper come from a single county, one can easily imagine extending the analysis to

a broader set of local and metropolitan markets. Since over one quarter of all local moves occur across county lines

(see Table 1), local market moves occur in practice over less correlated markets and would indicate a higher valuation

of local market indices. In addition, Montgomery County residents have a particularly high value for the metro-level

index since its housing market is so closely tied to Washington D.C.. Thus, I would expect the potential gains from

local market indices to be even greater in practice for counties further away from the city center.

The introduction and standardization of index futures contracts on the Chicago Mercantile Exchange offers new

and exciting prospects for home price risk management using financial derivatives. Especially given the recent down-

ward pressure on home prices in the United States, home price movements can have large wealth effects for millions

of Americans. For example, in Montgomery County, MD, the median home value is roughly five times the median

household income, so a 10% change in home prices is on the order of magnitude of six months of wages. Businesses

whose earnings depend on a healthy housing market may be even more exposed to home price declines than individual

homeowners. To the extent that financial derivatives can transfer risk from those who don’t want it to those who do,
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further development in these markets should certainly be viewed as a step in the right direction.

There are many benefits to homeownership that may not be captured if individuals are too sensitive to home price

risk. By reducing this risk, hedged homeowners can purchase more housing than they otherwise would in an unhedged

position. Over time, I would expect active management of home price risk to become more commonplace as hedging

opportunities expand into the retail markets. All else being equal, this is a good thing. This paper shows that city

indices have a lot of value already and that local indices can add even more.
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Table 1: Maryland 5-year migration rates from the 2000 U.S. Census

Notes: The above table displays 5-year migration rates for Montgomery County, MD and the State of Maryland according
to the 2000 United States Census. For the purposes of this paper, a ”within-city” or ”local” move is defined to be any move
within the same state (22.48% + 6.15% for Montgomery County). Parameter estimates used throughout the paper are taken
from Montgomery County column, although the above table indicates that the state averages are quite similar.
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Table 2: Summary statistics for the repeat homes sales

Notes: The repeat home sales from Montgomery County, MD come from the Maryland Department of Assessments and
Taxation tax database. The database includes the 2006 tax assessment, a set of home characteristics, and the three previous
sales transactions for every home in the county. Repeat sales pairs are dropped if they are closer than 12 months together, have
an annualized price appreciation outside 1.5 standard deviations of the appreciation mean, or are missing longtitude/latitude
data. The partition assignments are as follows. The District partition is provided in the data, with each district roughly
corresponding to one or two high school districts. The Zip Code partition is also in the data, although the less common zip
codes are lumped with the nearest common zip code to avoid calculating indices with too few homes. The Home Type and the
Price Band partitions are constructed based on the first principal components over home characteristics (excluding location)
and fitted prices from a hedonic price regression, respectively. The reason for having 11 submarkets for the Home Type and
Price Band partitions is so that each will match the econometric power of the District partition given by the data.
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Table 3: Summary of home price shock variables

Notes: The above table summarizes the home price shocks for all 75,947 homes used in the main regressions of the paper.
The first two columns make no adjustment for time of sale or time between sales. The second two columns are for 1-year time
series values. All shocks are in logs, so that 0 indicates no price change. The City Index refers to the published S&P/Case-
Shiller index for Washington, D.C., whereas the rest of the indices are computed from the data. The County Index subtracts
the appreciation from the City Index, and all other indices subtract the appreciation from both the City Index and the County
Index. Indices 4-7 are equally weighted indices for the partitions described in Table 2, and Indices 8-14 are weighted indices
using an epanechnikov kernel over the nearest N homes. The 3-Dimensional Index utilizes a 3-dimensional epanechnikov
kernel over distance, type, and price. Empirical details on how these indices are constructed can be found in Section 4.
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Table 4: Explained home price shocks: partition indices

Notes: The above columns regress the changes in the log home prices on the changes in the log home price indexes for the
entire sample of repeat home sales. The City Index is the published S&P/Case-Shiller Index and all remaining indices are
constructed from the data. All index calculations exclude the specific home used in the above regression so that the left-hand
side and the right-hand side never contain the same data. The District Index and the Zip Code Index are based on partitions
pre-coded in the data, the Home Type Index is based on the first principal component of home characteristics, and the Price
Band Index is based on fitted values from a hedonic price regression. See Section 4.1for calculation details. In order to
observe residual effects, the County Index subtracts the City Index appreciation, and all other indices subtract both the City
Index and County Index appreciation. The Net City Index and the Net County Index rows present the coefficients when
regressing on full indices rather than index residuals. All standard errors are clustered by subdivision.
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Table 5: Optimal bandwidths for the continuous kernel indices

Notes: The above table regresses changes in log home prices on changes in log home price indices for the entire sample of
75,497 repeat home sales. The first R2 column represents the baseline regression that does not include a continuous index.
The subsequent columns add either the Nearest Neighbor Index, the Nearest Type Index, or the Nearest Price Index, all of
which are created with an epanechnikov kernel over the nearest N homes. The number of included homes represents the
maximum R2 achieved by searching over the possible values for N as in Figure 3.
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Table 6: Index correlations

Notes: The above table presents the index correlations for the shocks summarized in Table 3. The correlations are equally
weighted over all 75,497 homes in the sample, so no adjustments are made for time of sale or time between sales. Indices
4-14 subtract the appreciation from the County Index and the City Index, which is why Columns 2 and 3 contain correlations
close to zero. Likewise, the County Index subtracts the appreciation from the City Index; the positive correlation here arises
since Montgomery County has tended to have a high market beta to the overall Washington D.C. market. As in Table 3, N
refers to the number of homes included in the index calculation.
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Table 7: Explained home price shocks: house-specific indices

Notes: The above columns regress the changes in the log home prices on the changes in the log home price indexes for the
entire sample of repeat home sales. The City Index is the published S&P/Case-Shiller Index and all remaining indices are
constructed from the data. All index calculations exclude the specific home used in the above regression so that the left-hand
side and the right-hand side never contain the same data. The Nearest Neighbor, Nearest Type, and Nearest Price Indices are
created with an epanechnikov kernel over the nearest N homes based on distance (Neighbor), principal components of home
characteristics (Type), and a fitted price regression (Price), respectively. The 3-Dimensional Index utilizes a 3-dimensional
epanechnikov kernel over distance, type, and price. See Section 4.2 for calculation details. In order to observe residual
effects, the County Index subtracts the City Index appreciation, and all other indices subtract both the City Index and County
Index appreciation. The Net City Index and the Net County Index rows present the coefficients when regressing on full
indices rather than index residuals. All standard errors are clustered by subdivision.
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Table 8: The value of index hedging

Notes: The above table displays the dollar value of index hedging for an individual trying to minimize the variance of his
home price shock with an index hedge. ρ is the correlation between log home price shocks and the log home price index
shocks. The middle column is an agent’s willingness to pay for an index hedge, according to the formulation in Section 5.1.
The final column is the value as a percentage of the Perfect Hedge. The dollar value is calculated as the certainty equivalent of
an agent who has CRRA utility over log home price shocks with a risk aversion parameter of λ = 2.377, which is calibrated
based on the value of a 5-year Perfect Hedge equalling $10,000.
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Table 9: Parameter estimation

Notes: The above table displays the parameter estimates performed for the primary value calculation in this paper. The top
five parameters are estimated as singular values, whereas the bottom five parameters depend on the time interval between
sales. The 2-year, 5-year, and 8-year values are displayed for the latter although in practice these parameters are estimated
for each quarter from 1.5 years to 8.5 years. See Section 5.2 for more details on how these parameters are calculated and
utilized.
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Table 10: The value of localized home price indices for various moving scenarios

Notes: The above table displays the value of index hedging for various moving scenarios, for which the wealth process has
the indicated coefficients. The valuations are assigned based on three components which sum to the value of the perfect
hedge. The city index component indicates the amount of value provided by hedging the city-level shock. The local index
component indicates the additional value of being able to hedge local shocks. The unhedged risk component represents the
idiosyncratic risk that was not able to be hedged by the indices. See Section 5.2 for more details on the calculations used to
reach the numbers above.
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Figure 1: Inflation-adjusted home price indices for the full time period, 1985-2006

Notes: The above figure plots inflation-adjusted home price indices for the Washington D.C. Metropolitan Area and Mont-
gomery County, MD. The former is published by Standard & Poor’s and the latter is calculated using the full data set of
75,497 repeat home sales. Both are adjusted by the Consumer Price Index as published by the Bureau of Labor Statistics. As
seen in the figure, the data span an entire housing cycle, for which price peaks occurred in 1989 and 2006.
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Figure 2: Geocoded homes in Montgomery County, MD

Notes: The above figure plots the approximate locations of the 200,493 single-family homes in Montgomery County, MD
for which the geocoding program was able to locate the addresses. The ’District’ boundaries are drawn in black. Washington
D.C. is located directly to the southeast of the county.
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Figure 3: Maximizing the home price index correlation over the kernel bandwidth

Notes: The above graph plots theR2 when regressing changes in log home prices on changes in the log home price indices as
a function of the number of repeat sales included in the index calculation. The indices are calculated using an epanechnikov
kernel over the nearest N homes, so that homes just inside the cutoff have a tiny but positive weighting. The nearest N homes
are determined by geographical distance for the Nearest Neighbor Index, the Euclidean distance over the first 3 principal
components of home characteristics for the Nearest Type Index, and the price difference based on a fitted hedonic model for
the Nearest Price Index. In all cases, the bandwidth adjusts to have exactly N homes in the index calculations. All regressions
additionally contain the City Index, the County Index, and a constant on the right-hand side.
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Figure 4: Variance decomposition of home price risk

Notes: The above figure plots the variance decomposition of home price risk as a function of the years between sales. The
share of citywide risk lies below the dotted red line, the share of local risk lies between the dashed blue line and the dotted
red line, and the share of idiosyncratic risk lies above the dashed blue line. The city share is determined by the explanatory
power of the S&P/Case-Shiller Washington D.C. Metropolitan Index on home price shocks. The local share refers to the
additional explanatory power provided by the 3-Dimensional Index from Tables 2 and 6, which maximizes predictability
over distance, home type, and price. All estimates are smoothed over a 5-quarter interval, so that the point corresponding to
X years represents all repeat home sales occurring over a X-2 to X+2 quarter time interval.
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Figure 5: Value decomposition of home price risk in dollar terms

Notes: The above figure plots the total home price variance decomposition as a function of the years between sales. The total
risk is given by the standard deviation of home price shocks around the mean for each time interval. The share of citywide risk
lies below the dotted red line, the share of local risk lies between the dashed blue line and the dotted red line, and the share
of idiosyncratic risk lies above the dashed blue line. The city share is determined by the explanatory power of the S&P/Case-
Shiller Washington D.C. Metropolitan Index on home price shocks. The local share refers to the additional explanatory power
provided by the 3-Dimensional Index from Tables 2 and 6, which maximizes predictability over distance, home type, and
price. All estimates are smoothed over a 5-quarter interval, so that the point corresponding to X years represents all repeat
home sales occurring over a X-2 to X+2 quarter time interval.
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Figure A–1: Parameter estimates over the time between sales

Notes: The above figure plots the parameters from Table 9 as they vary over the years between repeated home sales. The City
Index refers to the S&P/Case-Shiller Washington D.C. Metropolitan Index, and the Local Index refers to the 3-Dimensional
Index from in Tables 2 and 6, which maximized price predictability over distance, home type, and price. All estimates are
smoothed over a 5-quarter interval, so that the point corresponding to X years represents all repeat home sales occurring over
a X-2 to X+2 quarter time interval.
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