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Abstract

We develop a theory of housing price spillovers based on price references, whereby
learning about unobservable location attributes gives rise to spatial contagion in
house prices. Our model predicts that expected price changes drive the strength
of housing price spillovers across market cycles. While the theory predicts a self-
reinforcing upward price spiral during the boom, spatial spillovers do not amplify
downward movements in prices during the downturn. It also justifies the use of
Spatial Autoregressive (SAR) models with row-normalized weight matrices based
on geographical proximity. The model’s prediction is supported by U.S. data from
recent housing market boom (2018-2023) and bust (2007-2012).
JEL classifications: R31, R12, C21.

1 Introduction

A well-known stylised fact of the housing market is the interdependence of hous-

ing prices: changes in property values in one area influence prices in other areas.

∗Lee and Ren gratefully acknowledge research support from the ESRC Grant No. ES/P011705/1.
†This paper is dedicated to the loving memory of Francesca Rossi.
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Understanding how and why housing prices spill over across locations is important

because the spillover effects of place-based policies can often be both unintentional

and substantial (Autor et al., 2014; Biswas et al., 2021; Deng et al., 2022). Al-

though housing price spillovers have been widely acknowledged, their underlying

mechanisms are not yet fully understood. One strand of research suggests that

the displacement of residents and capital can lead to the interconnectedness of

housing markets (Chang and Dasgupta, 2022; Deng et al., 2022). For example,

when housing prices of one location rise, housing demand for living or investment

may be displaced to other locations, leading to price appreciation spillovers. Other

studies focus on identifying the externality channel of housing price spillovers (Au-

tor et al., 2014; Biswas et al., 2021; González-Pampillón, 2022; Ooi and Le, 2013).

For example, new high-end housing supply and foreclosure sales are regarded as

positive and negative amenities, respectively, which influence the prices of neigh-

bouring properties.

This study contributes to the growing literature that explores another pos-

sibility: how an individual’s housing decision is influenced by price references.

In a seminal work utilising a novel dataset, Szumilo (2021) formalizes the price

co-movements due to learning from peer properties’ prices. Empirically, he uses

a sample of properties that underwent only internal renovations to rule out price

spillover effects from externality. As internal renovations are unobserved from out-

side, they cannot generate physical externality (e.g., improvements in the neigh-

bourhood) and only change the price information. Szumilo (2021) importantly

provides causal identification of the reference channel, and we complement his

work by offering a model that sheds light on the determinants of the strength of

such spillovers.

Giacoletti and Parsons (2023) suggest that the housing price spillovers, as a

result of market friction, should be stronger when the market is less competitive.

This is because market friction makes matching between buyers and sellers difficult,

and more searching behaviors lead to stronger spillovers. With a similar rationale,
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Gargano et al. (2023) suggest that the spillover should be stronger where housing

prices are expected to increase significantly, causing greater difficulty to match.

Although their intuitions are insightful, their predictions and evidence focus on

boom periods only.

However, the mechanisms at work during a housing market boom may not

necessarily apply in a bust. It is well-documented that housing market booms and

busts are not symmetric (Fischer et al., 2021; Guerrieri et al., 2012, 2013; Sinai,

2013). Thus, it is unknown, both theoretically and empirically, how the spillover

magnitude varies with housing price declines.

This study contributes to the literature by showing that the strengths of hous-

ing price spillovers are driven by expected price changes across the market cycles.

It formalizes a theory in which individuals determine their offer price for a house

based on the current utility of consumption and expected capital gains. Individ-

uals need to learn the values of unobserved location attributes from the transac-

tion prices of nearby properties, which generates the learning/reference channel of

housing price spillover. Our theory yields two key implications.

First, it predicts that housing price spillovers depend positively on expected

housing price changes. In other words, locations with higher expected price ap-

preciation (larger booms) are predicted to exhibit stronger spatial spillover effects.

Conversely, during downturns, locations with larger expected price declines (more

severe busts) are predicted to experience weaker spillovers than locations with

more moderate expected declines. While the theory predicts a self-reinforcing up-

ward price spiral during the boom, spatial spillovers do not amplify downward

movements of housing prices during the downturn.

These predictions are supported by the recent US market boom (2018-2023)

and bust (2007-2012) data, as presented in Section 3. We focus on three states

with clearly contrasting accumulated housing price changes over the boom and

bust: Florida, New York, and Illinois.1 We note that Florida experienced the

1These states were chosen also due to sharing similar demographic profiles and each state having a
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steepest rise during the boom and the deepest drop during the bust, highlighting

its highly volatile housing market driven by known speculative demand. Notably,

its estimated price spillover is the strongest among the three states during the

upswing, which aligns with intuition. Conversely, during the downturn, its esti-

mated spatial spillover is the weakest of the three states, a result that may seem

counterintuitive but is consistent with our predictions. It is notable that this flip-

ping pattern is not observed with New York or Illinois. Rather, the strength of

the housing price spillover depends on the expected housing price changes, just

as predicted by our theory. We check that our results are robust to excluding,

or, only considering tracts of, the major cities to take into account the market

competitiveness, which may also affect the price spillover strength (Giacoletti and

Parsons, 2023). As this study offers the first theoretical prediction and empiri-

cal evidence of housing price spillovers during bust periods, it complements the

existing literature (e.g.Giacoletti and Parsons (2023); Gargano et al. (2023)) by

understanding the evolution of spillover strength across the whole market cycles.

Second, our economic model generates an empirical specification similar to

the widely used spatial autoregressive (SAR) models, theoretically justifying the

inclusion of the SAR element with practical guidance on the weight matrix choice.

Hence, this study adds to the literature on spatial modelling of the housing market

e.g. (Elhorst et al., 2014; Holly et al., 2011; Yang et al., 2018). Our theoretical

model cautions against some alternative spatial models, such as spatial lagged

X (SLX), which do not include the spatial autoregressive term. Our empirical

SAR model selection is further validated by the model specification test of Lee

et al. (2025). Lee et al. (2025) offers a test for SAR model specification that does

not presume the direction of possible misspecification is known, and importantly

covers possible spatial weight matrix misspecification.

single dominant city. They have also received much interest in housing market literature due to their
economic significance. Their recent 5-year accumulated price gains in 2018-2023 boom were 73%, 43%,
and 34%, in Florida, New York, and Illinois, respectively, while accumulated price declines during the
2007-2012 bust were −43%,−15%, and −23%, respectively.
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The rest of the article is organised as follows. In Section 2, we present the

economic model of a house buyer’s offer price formation that gives rise to the spa-

tial autoregressive model whereby the weight matrix is based on the geographical

proximity of house locations and is row-normalized. In Section 3, we verify the

model’s predictions using US housing market data from the recent boom period

2018-2023 and bust period 2007-2012. Section 4 concludes.

2 Model

In this section, we provide the details of economic theory that justifies using SAR in

econometric modelling of house prices. We assume that the price buyer/individual

i is willing to pay for a house l at time t (Pilt, henceforth) depends on (i) his/her

utility of consumption in period t (denoted by Vilt in the sequel), (ii) the sale price

at t+ 1 (Plt+1), and, (iii) a discount factor (δ). Note the absence of an individual

subscript in the sale price Plt+1, which distinguishes it from an offer price an in-

dividual i is willing to make (Pilt). Henceforth, we index by l the location/house

and we let hl denote all observable characteristics of location/house, while gl indi-

cates unobservable features of the location. Both hl and gl are assumed to be time

invariant. Finally, εil denotes an idiosyncratic, time-invariant, zero-mean individ-

ual preference, which is assumed independent and identically distributed (i.i.d.)

across individuals. We thence assume

Pilt(hl, gl) = Vilt(hl, gl, εil) + δE(Plt+1(hl, gl)). (2.1)

More specifically, we model that the individual utility Vilt(·) appearing at the

RHS of (2.1) depends on the observable characteristics hl, the unobservable char-

acteristics gl, and the idiosyncratic component εil, via the relationship

Vilt = St(hl) · (gl + εil), (2.2)
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where St(hl) is the objective/common valuation of observable hl, which is publicly

known. As all observable house and location characteristics hl are accounted for

in St(hl), we assume that the idiosyncratic preference εil is identically distributed

across different locations l. As will be made clear in the sequel, the sale price Plt is

the offer price of the winning bidder and hence reflects the maximum idiosyncratic

preference.

Let τ be the expected rate of change/appreciation of house value per period,

which in turn reflects macroeconomic income/wage growth expectation, giving rise

to

St+1(hl) = (1 + τ)St(hl).

On the other hand, δ is the usual discount factor that, in this context, reflects the

relative weight given to future, the interest rate and also possible market frictions

that may hinder the selling process. These market frictions include transaction

costs, such as capital gains tax, stamp duty, and sales agent commissions, but

also any market characteristic that may either prolong the sales process or induce

a probability that the sale does not go through. All these frictions lower δ by

reducing the net value of the sale, or by moving it far away in the future, or by

reducing its likelihood. Finally, E(Plt+1(hl, gl)) is the expected sale price in period

t+ 1.

In this framework, individual i observes Vilt(·), hl and knows St(·), but s/he

cannot distinguish between the noise/individual preference (εil) and the unobserv-

able quality of the location (gl). Thus, an estimate of gl is needed to predict the

future sale price. In order to estimate gl, individual i observes the sale prices

of other houses in the neighbourhood. For two locations l and k within an area

(state/county/city), we thence assume

gl = c+ ηl, gk = c+ ηk, E(ηk) = E(ηl) = 0, (2.3)

with Cov(ηl, ηk) ≥ 0 being a decreasing function of the distance d(l, k). Individual
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i in location l observes sale prices at other locations k = 1, ..., L, k ̸= l, along

with the publicly known objective valuation of their observable characteristics:

{Pkt(hk, gk), St(hk)}.

Therefore, the price that buyer i is willing to offer to pay for house/location l

is given by

Pilt(hl, gl) = St(hl) · (gl + εil) + δE(Plt+1(hl, gl)). (2.4)

Iteration gives

Pilt(hl, gl) = St(hl) · (gl + εil) +

∞∑
s=1

δsE(St+s(hl) · (gl +max
d

εdl)), (2.5)

where we have replaced the resale price Plt+1(hl, gl) with the offer price of the

winning bidder who has the maximum idiosyncratic preference. Noting that

St+s(hl) = (1 + τ)sSt(hl), one can therefore derive a normalized price for each

house, as

pilt(gl) :=
Pilt(hl, gl)

St(hl)
= vil(gl) +

∞∑
s=1

δs(1 + τ)sE(max
d

vdl(gl)), (2.6)

where

vil = vil(gl) :=
Vilt

St(hl)
= (gl + εil)

is privately known to i, while E(maxd vdl(gl)) needs to be estimated. Let δ∗ =

δ(1 + τ) and denote by ĝl the sample equivalent of the unknown gl. Considering

that the expected sale price depends on the idiosyncratic preference of the winning

bidder, if we assume |δ∗| < 1,2 the normalized price in (2.6) can be rewritten as

pilt(gl) =
Pilt(hl, gl)

St(hl)
= vil +

∞∑
s=1

(δ∗)s
(
ĝl + E

(
max

d
εdl

))
. (2.7)

2The assumption that |δ∗| < 1 is quite realistic. Recall that δ models not only the intertemporal
component characterized by the interest rate, but also all the market characteristics that make the sale
process slower, riskier and more costly. Moreover, in this framework we assume for simplicity that δ∗

stays fixed across time. If we allow δ∗ to vary over time the series can converge even if δ∗ is occasionally
larger than 1 during a market boom.
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Equation (2.7) holds true also for the normalized price of other houses in the

neighbourhood. For a potential buyer j of house k, let ĝk represent the estimated

gk, and the normalised offer price j is willing to pay is given by:

pjkt(gk) = vjk +
δ∗

1− δ∗
ĝk +

δ∗

1− δ∗
E
(
max

q
εqk

)
, (2.8)

where vjk = gl + εjk.

Now, denote by pkt(gk) the normalized sale price of house/location k, which

would have been the normalised offer price of the winning bidder whose preference

is max
q

εqk. Assuming that E(ĝk) = gk, i.e. that each buyer forms an unbiased

estimate of ĝk, we can write

E(pkt(gk)) =
1

1− δ∗

(
gk + E

(
max

q
εqk

))
, (2.9)

so that individual i’s evaluation of gk in terms of the sale price pkt of house k is

given by

g̃k = (1− δ∗)pkt − E
(
max

q
εqk

)
. (2.10)

Recall now that E(gl) = E(gk), and that the covariance between gl and gk is not

constant, but instead it depends on the distance between k and l. Thus, individual

i can decide to form expectations by looking at prices in the neighbourhood,

retrieving g̃k and giving more weight to g̃ks, k = 1, ...., L and k ̸= l pertaining to

locations ks that are closer to l (i.e., with higher covariance). So, a good estimator

for gl could be

ĝl =
1∑

k ̸=l Cov(l, k)

∑
k ̸=l

g̃kCov(l, k)


=

1∑
k ̸=l Cov(l, k)

∑
k ̸=l

(
(1− δ∗)pkt − E

(
max

q
εqk

))
Cov(l, k)


=

1∑
k ̸=l Cov(l, k)

∑
k ̸=l

(1− δ∗)pktCov(l, k)

− E
(
max

d
εdl

)
,
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where the last equality follows trivially since E
(
max

d
εdl

)
= E

(
max

q
εqk

)
, from

identical distribution of εdl across houses/locations and across agents, as mentioned

above.

Hence, agent i’s offer price becomes

pilt(gl) = vil +

∞∑
s=1

δ∗s
(
ĝl + E

(
max

j
εjk

))
= vil +

δ∗

1− δ∗

∑
k ̸=l(1− δ∗)pktCov(l, k)∑

k ̸=l Cov(l, k)

= vil + δ∗
∑

k ̸=l pktCov(l, k)∑
k ̸=l Cov(l, k)

, (2.11)

which clearly depends on the weighted average of all other locations’ prices via

the second term in (2.11). This is a notable guidance from economic theory on

a key practical consideration of spatial econometric modelling. Empirical spa-

tial econometric literature has a long-standing debate on the suitability of row-

normalization. Row normalization imposes homogeneous total exposure to spatial

spillovers, without allowing some central individuals/ individuals in dense areas to

have a more prominent role compared to more peripheral ones (e.g., Neumayer and

Plümper, 2016). In the context of the housing market, we have obtained a theory-

motivated choice of row-normalized, geographical-proximity-based weight matri-

ces, which, along with further specification testing mentioned earlier, strengthen

the credibility of estimation results.

Turning to the application of (2.11) to data, econometricians can only observe

the sale price, which is (2.11) for the winning bidder, i.e.

plt = (gl + (maxdεdl)) + δ∗
∑
k ̸=l

Wklpkt, (2.12)

and has therefore the following estimating equation

Ylt = αl + β′Xlt + λ
∑
k ̸=l

WklYkt + ult, where λ = δ(1 + τ), (2.13)
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where Ylt is the house price of location l at time t and αl is house/location fixed

effect- one needs panel data set so that differencing across time periods can ac-

count for these fixed effects. Xlt are regressors that may explain unanticipated

changes in the distribution of the preferences of the winning buyer. Above is in-

deed a SAR model with fixed effects. Note Ylt is house prices that have been

adjusted/normalised for observable house and location characteristics. In Section

3, we use time-invariant location characteristics Xl and include time-varying βt so

that β′
tXl is used instead of β′Xlt.

3

Our economic model provides an intuitive interpretation of the strength of

spatial spillover in the housing market, namely λ = δ(1 + τ). Higher price growth

expectation is linked to stronger spillover, suggesting that the housing market

has a self-reinforcing mechanism of house price expectation and movement during

boom periods. On the other hand, in a falling market, a larger expected price

decline leads to weaker spatial spillovers, which suggests that the mechanism is

not self-reinforcing during busts.4 Another implication is that market frictions

can work to reduce spillovers by lowering δ- if, for example, there is a greater tax

associated with selling and purchasing houses, it would lower δ and hence reduce

the strength of spillover.

3 Testable Implication/prediction

In this section, we check if the following testable implications from the model of

house price determination of the previous section are supported by the data.

Implication: λ = (1+ τ)δ, higher expected growth rate of house prices (τ) leads

3In any given empirical setting, the practitioner can decide if inclusion of spatial lag terms of the
covariates Xlt may be relevant, i.e. neighbouring locations’ characteristics affect the distribution of indi-
vidual buyers’ preference of a given location, even after the location’s own characteristics are accounted
for.

4Two recent papers, Kaplan et al. (2020) and Ben-David et al. (2025), have both found that the
housing boom and bust around the Great Recession were mostly driven by price expectations. Their
findings echo our model’s prediction that house price expectation is the major driver of house price
movement over the market cycle.
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to higher spillover strength λ, for a given discount factor δ.

When it comes to finding data for our purpose, we face the following challenges.

As noted above, it is essential to allow for house/location fixed effects in (2.13), so

we require panel data for differencing. For individual transaction data, this would

require two repeated sales data for a given house and its neighbouring houses.

Noting that houses do not get resold frequently and neighbouring houses typically

have different sets of consecutive sale dates, it is challenging to estimate the SAR

model (2.13) with transaction level data. Furthermore, λ = (1+τ)δ likely changes

significantly over time as the expected house price growth, τ , and the discount

factor, δ, vary across time, our theory would caution against taking differences

across a long time period or pooling different regions with contrary housing mar-

ket conditions. These challenges limit our ability to gather a meaningfully sized

transaction level dataset for our purpose.

Hence we turn to house price index at the most granular level in the US, census

tract-level, from The Federal Housing Finance Agency (FHFA) house price index.

Recall that the price in our estimating equation (2.13) needs to be normalised to

adjust for different observable characteristics of houses. FHFA house price index

is a weighted, repeat-sales index for single-family house prices measuring average

price changes in repeat sales or refinancings on the same properties, and hence a

reliably normalised index, in line with the normalised price plt in (2.12) of Section

2.

Noting that τ is the expected rate of house price growth perceived by the buy-

ers, we expect that past and current house price movements, along with expected

future wage/income changes, help form τ . Further formalization of how this ex-

pectation is generated is not attempted here, instead we pick three states with

prolonged contrasts in their house price growth rates to see if the estimated λ

conforms to the prediction of the theory.

We run the following first differenced regression, which is the first differenced
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version of (2.13):

△ log hpit = Xi△βt + λ
n∑

j=1

Wij△ log hpjt + αt + uit, (3.1)

where i represents the census tract. There are many tracts without any house

transactions for any given year, so the number of tracts vary over time. △βt

measures how the price premium of location characteristics (e.g., the preference

of living close to the city center) changes over time.

We assume that each state in the US is one housing market with the com-

mon state-wide expected price rises or fall, which is capitalized into the housing

prices via (2.4), resulting in (3.1). We recognize that this expectation for areas

within larger cities may not hold for locations outside major urban centers, but

our robustness checks produce comparable results. The assumption that house

price expectation based on past market movement is incorporated into house price

level is supported by survey evidence (Case et al., 2012; Piazzesi and Schneider,

2009; Kuchler et al., 2023) and is adopted in many studies (Glaeser et al., 2008;

Glaeser and Nathanson, 2015, 2017; Huang and Tang, 2012). Thus, we envisage

states’ rankings in their accumulated price appreciation to represent also the or-

dering of their respective levels of market expectations. We calculated and ranked

the accumulated price appreciation in all states during the recent boom of 2018-

2023. We selected the states with relatively high, moderate, and low expected

price appreciation based on their ranking in the realised returns, in spirit simi-

lar to Gargano et al. (2023). Among the states, we chose Florida (ranked 3/50),

New York (ranked 22/50), and Illinois (ranked 41/50) as our sample of states with

contrasting house price expectations. Their 5-year (2018-2023) accumulated price

gains were 73%, 43%, and 34%, respectively. We focus on these three states because

they share similar demographics (see Table 1), have a single famous/dominant city,

and have attracted particular interest in housing market research due to their eco-
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nomic importance.5 During the bust period of 2007-2012, accumulated price drops

were −43%,−15%, and −23% in Florida, New York, and Illinois, respectively, al-

lowing us to carry out a similar analysis of the magnitude of spatial spillovers

across markets undergoing different severities of price declines. We expect to see

the housing price spillover parameter λ among neighbourhoods of a market to be

the largest in Florida and the smallest in Illinois (λFL > λNY > λIL) during the

boom, while in the bust, we expect λNY > λIL > λFL.
6

3.1 Data and Estimation

The focus on empirical analysis is to estimate the housing price spillover λ across

tracts within each of the three states. As well as taking the first difference to allow

for tract-level fixed effects, we also include some tract characteristics as control

variables to account for within-state variations. These include the share of the

white population (%White), the share of the population with university degrees

(%Uni), and the share of households receiving public assistance (%PubAssist).

These variables are taken from the American Community Survey of 2000 and 2010,

corresponding to the bust (2007-2012) and boom (2018-2023) periods, respectively.

These demographics with time lags are common control variables in housing price

studies (Ferreira and Gyourko, 2012; Glaeser and Ward, 2009; Guerrieri et al.,

2012) and the 7-8 year time lags are intended to ensure exogeneity of these controls.

Tracts’ proximity to city centres (CityCenter) is also included, as studies have

shown real estate markets close to the city centres differ from the rest of the city

(Glaeser et al., 2012; Rosenthal et al., 2022). CityCenter is a dummy variable,

which equals one if the tract belongs to the 20% closest tracts to the city centre,

5For example, we did not choose California because it is not comparable to other two states. For
example, it is the most populated state in the US and has multiple famous cities (i.e., Los Angeles and
San Francisco).

6The average 30 year mortgage fixed rate in the US was 4.45% during 2018-2023 and 5.04% dur-
ing 2007-2012, according to time series data MORTGAGE30US downloaded on 10 Jan 2025 from
https://alfred.stlouisfed.org/series?seid=MORTGAGE30US. We assume δ does not differ much between
the three states, since the interest rate is common at any given time and difference across states in rel-
evant property-related tax levels are insignificant.
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and zero otherwise. In the appendix, we present all results using an alternative

threshold of 10%, which are similar to the results using the 20% threshold presented

here. As cities may have more than one city centre, we also include residential

market accessibility (RMA) to capture each tract’s locational advantage more

generally. The RMA is a measurement of job accessibility, and it is the sum of jobs

available to each tract, weighted by commute time between the locations of jobs

and the residential tract. The RMA measured in 2000 and 2010 are available from

the published datasets of Baum-Snow and Han (2024) and are used for the bust

(2007-2012) and boom (2018-2023) periods, respectively. Like the demographic

variables, the 7-8 year time lag is intended to mitigate the potential endogeneity

of CityCenter and RMA.

Summary statistics are given in Table 1, where Panels A, B, and C are for

Florida, New York, and Illinois, respectively. The △log(HP) is the annual housing

price changes of census tracts during the periods 2018-2023 and 2007-2012. The

three states share similar demographics in terms of the proportion of the white

ethnic population (%White), those receiving public assistance (%PubAssist), and

those having a university degree (%Uni). It is not surprising to see that tracts

in New York have the best job accessibility (RMA), followed by Illinois and then

Florida. Big cities (i.e., New York City and Chicago) usually offer more job op-

portunities and better amenities. The city centre dummy variable (CityCenter)

has the same mean of 0.2 across the three states, reflecting the definition of city

centre dummy as the 20% most central tracts.

We estimate the model using spatial two-stage least squares (2SLS), following

Kelejian and Prucha (1998), with spatial lags of the exogenous regressors serving

as instruments, as is standard in the spatial econometrics literature. Identification

relies on the exogeneity of the regressors, which include the shares of the White

population (%White), the population with university degrees (%Uni), households

receiving public assistance (%PubAssist), proximity to city centers (CityCenter),

and Residential Market Accessibility (RMA). These variables are measured in 2010
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Table 1: Summary Statistics
Panel A: Florida BOOM (2018-2023) BUST (2007-2012)
Variable Obs Mean SD Min Max Obs Mean SD Min Max
△log(HP) 4661 0.11 0.08 -0.22 0.49 4882 -0.11 0.12 -0.79 0.31
%PubAssist 4661 0.01 0.01 0 0.11 4882 0.05 0.04 0 0.29
%White 4661 0.81 0.18 0.01 1 4882 0.86 0.15 0.04 1
%Uni 4661 0.29 0.14 0.06 0.78 4882 0.27 0.14 0.05 0.73
RMA 4661 590.25 191.4 130.86 863.93 4882 552.47 183.56 93.23 862.47
CityCenter 4661 0.2 0.4 0 1 4882 0.2 0.4 0 1
Panel B: New York BOOM (2018-2023) BUST (2007-2012)
Variable Obs Mean SD Min Max Obs Mean SD Min Max
△log(HP) 6702 0.07 0.06 -0.45 0.41 7206 -0.03 0.05 -0.33 0.26
%PubAssist 6702 0.01 0.02 0 0.18 7206 0.05 0.04 0 0.37
%White 6702 0.81 0.22 0 1 7206 0.84 0.21 0.01 1
%Uni 6702 0.36 0.15 0.08 0.87 7206 0.32 0.15 0.07 0.85
RMA 6702 1294.39 655.34 127 2136.61 7206 1266.56 649.57 124.19 2068.8
CityCenter 6702 0.2 0.4 0 1 7206 0.2 0.4 0 1
Panel C: Illinois BOOM (2018-2023) BUST (2007-2012)
Variable Obs Mean SD Min Max Obs Mean SD Min Max
△log(HP) 5851 0.06 0.06 -0.32 0.48 6073 -0.06 0.06 -0.49 0.34
%PubAssist 5851 0.02 0.02 0 0.11 6073 0.05 0.03 0 0.26
%White 5851 0.77 0.21 0 1 6073 0.82 0.19 0 1
%Uni 5851 0.33 0.19 0.01 0.89 6073 0.29 0.18 0.01 0.89
RMA 5851 1039.69 467.69 44.28 1577.14 6073 1023.29 470.47 52.44 1537.91
CityCenter 5851 0.2 0.4 0 1 6073 0.2 0.4 0 1

for the boom period (2018–2023) and in 2000 for the bust period (2007–2012). The

7–8 year lag between the regressors and the dependent variable—the change in log

house prices, △ log hpit—is intended to mitigate concerns regarding endogeneity.

Although the economic modelling in Section 2 motivates the SAR model in

(3.1) as the estimating equation for house prices, reliance on a specific parametric

functional form and an exogenously specified spatial weight matrix leaves scope

for arbitrary specification choices. To address this concern, we adopt the gen-

eral specification tests proposed by Lee et al. (2025). Lee et al. (2025) introduce

an omnibus specification test for SAR models that is agnostic to the direction of

misspecification and, importantly, is capable of detecting misspecification of the

spatial weight matrix. The null hypothesis of the test is correct SAR specifica-

tion; rejection may occur in the presence of misspecification arising from spatial

model selection, variable inclusion, functional form, or the choice of the spatial

weight matrix. Their test is robust to heteroskedasticity of unknown form in the
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disturbance term. 7

3.2 Empirical Evidence from the 2018-2023 Housing

Boom

In this section, we take our testable implication that the magnitude of housing price

spillover (λ) is positively related to the expected housing price growth rate (τ) to

data. In a booming period, this implies that the spillover effects among neighbour-

ing locations (e.g., census tracts) are stronger in a state or a city where a greater

price appreciation is expected. Recall that the accumulated price appreciation

during the boom (2018-2023) in Florida, New York, and Illinois is 73%, 43%, and

34%, respectively. As literature finds that achieved price rises are often extrapo-

lated into future expectations, see e.g. Case et al. (2012); Piazzesi and Schneider

(2009); Kuchler et al. (2023), we expect the estimated housing price spillover to be

strongest among locations in Florida, followed by New York, and weakest in Illi-

nois. Based on the estimating equation (3.1) derived from our economic modelling

of house price determination in Section 2, we estimate the strength of housing

spillover λ separately for the three states. In Table 2, we report the estimated λ,

with vector Xi comprising of the five control variables mentioned earlier.8 Their

coefficients △βt are the annual changes in location premium of the correspond-

ing control. For example, the premium of city center proximity has been found

to change over time in many studies (Brueckner et al., 2023; Davis et al., 2024;

7In an empirical application using Finnish municipal tax data, Lee et al. (2025) show that incorpo-
rating location fixed effects and applying their specification test yields estimation results that are closely
aligned with those of Lyytikäinen (2012), who employ a policy-based instrumental variable rather than
a spatial instrumental variable. Earlier spatial econometric studies relying on spatial IV approaches
without location fixed effects had reached contrasting conclusions regarding regional tax competition;
these findings were subsequently challenged by Lyytikäinen (2012) using a policy-based IV strategy. Lee
et al. (2025) argue that such discrepancies likely stem from model misspecification in SAR frameworks,
particularly the failure to account for location fixed effects, rather than problem of spatial IV.

8the share of the white population (%White), the share of the population with university degrees
(%Uni), the share of households receiving public assistance (%PubAssist), the proximity to city centres
(CityCenter) and Residential Market Accessibility (RMA) from 2010. For the bust period (2007-2012)
considered in the next subsection, they were taken from 2000.
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Delventhal et al., 2022; Gupta et al., 2022).

In Panel A, neighbouring locations are defined as the nearest eight census

tracts. The elements wij in the spatial matrix W of (3.1) are one if location j is

one of the nearest eight neighbouring locations of location i, zero otherwise. Panels

B and C present λ estimates using the 16 and 24 nearest neighbour weight matrix,

respectively. Columns 1 to 3 show the main results from the three states with all

available tracts, while Columns 4 to 8 are robustness checks, after excluding tracts

within or outside major cities (i.e., Miami, New York City and Chicago). For all

cases considered, the omnibus specification test for the SAR model proposed by

Lee et al. (2025) fails reject the models being fitted, offering further confidence in

the estimation results in addition to the microfoundation of Section 2.9

We first look at the main results in columns 1 to 3 of Table 2. For example, in

Panel B, among the nearest 16 neighbouring tracts, the estimated λ are 0.9194,

0.8068 and 0.6476 for Florida, New York and Illinois, respectively. This is in line

with our prediction that λFL > λNY > λIL . The estimated spatial parameter λ

is significantly positive, confirming the price dependence across nearby locations.

Using alternative W matrices, the results from Panels A and C also conform with

our prediction.

One may argue that the results may be driven by the big cities in the state,

as the price movements and spillovers among neighbourhoods of big cities (more

competitive markets) may not be the same as the rest of the state (Giacoletti

and Parsons, 2023). Thus, we present the results after excluding tracts of Miami,

New York City and Chicago in columns 4 to 6 of Table 2. Using Panel B as an

example, the housing price spillover is significantly positive among the nearest 16

locations, and its magnitude follows our prediction that λFL > λNY > λIL. With

alternative spillover domains of 8 and 24 neighbours, we obtain similar results in

Panels A and C.

In columns 7 and 8 of Table 2, we present the results of tracts only from major

9see end of Section 3.1 for more discussions on the model specification test and estimation.
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cities. Miami is excluded because the number of tracts with all available data is not

sufficient for running the spatial models.10 The λ estimates show that the housing

price dependence among tracts of New York City and Chicago is significantly

positive, and the magnitude of the spillover is stronger in New York City. For

example, in Panel B, λ̂ is 0.9388 in New York City and 0.6222 in Chicago. These

results are robust in Panels A and C with alternative W matrices.

Table 2: Boom period 2018-2023: λ̂, estimated with 20% City Center dummy
all tracts excl. major cities cities only

FL NY IL FL† NY† IL† NYC Chicago
Panel A: W = NN8

λ̂ 0.759*** 0.7348*** 0.6347*** 0.8143*** 0.7124*** 0.5982*** 0.9551*** 0.8304**
(t-stat) (6.07) (5.17) (4.80) (6.39) (5.99) (4.54) (4.18) (2.19)
R2 0.5409 0.2648 0.3173 0.5394 0.2607 0.3511 0.1084 0.1535
Obs 4661 6702 5851 4600 5660 4871 1042 980
Panel B: W = NN16

λ̂ 0.9194*** 0.8068*** 0.6476*** 0.9582*** 0.7395*** 0.6581*** 0.9388*** 0.6222*
(t-stat) (8.48) (6.53) (5.40) (8.60) (7.64) (5.58) (4.78) (1.67)
R2 0.5461 0.2789 0.3335 0.5451 0.2756 0.3647 0.1484 0.1787
Obs 4661 6702 5851 4600 5660 4871 1042 980
Panel C: W = NN24

λ̂ 0.9433*** 0.8760*** 0.6643*** 0.9727*** 0.7741*** 0.6743*** 0.9968*** 0.4104
(t-stat) (8.81) (7.07) (5.31) (8.68) (8.06) (5.88) (4.73) (1.20)
R2 0.5489 0.2830 0.3329 0.5486 0.2798 0.3642 0.1557 0.1920
Obs 4661 6702 5851 4600 5660 4871 1042 980

Notes: † denotes estimates excluding major cities. Robust t-statistics in parentheses. *, **, and ***
denote significance at the 10%, 5%, and 1% levels. Florida, New York, and Illinois’ 5-year (2018-2023)
accumulated price gains were 73.07%, 42.84%, and 34.03%, respectively. Our theory predicts
λFL > λNY > λIL.

3.3 Empirical Evidence from the 2007-2012 Housing

Bust

In Section 3.2, we have shown that the housing price spillover λ is stronger where a

bigger market boom is expected. Here, we test our theory’s implication for a mar-

ket downturn. Recall that λ is positively correlated with expected price changes.

In a bust period, this means that the spillover effects among neighbouring locations

are stronger in a state or a city with a smaller expected price decline (a milder

10over the periods, we have 61 observations for Miami, which equates to 12.2 observations per year
on average, making it unlikely the sample contains relevant neighboring tracts.
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bust). During 2007–2012, according to FHFA indices, the housing price drops were

−43%, −15%, and −23% in Florida, New York, and Illinois, respectively. Thus,

we expect to see that the housing price spillover λ is largest in New York, followed

by Illinois, and smallest in Florida (λNY > λIL > λFL) during the bust period.

Similar to Table 2, Table 3 presents the estimates of λ for the three states

using all available tracts (columns 1–3), tracts outside major cities (columns 4–

6), and tracts within major cities (columns 7 and 8) based on (3.1). Spatial

matrices of the nearest 8, 16, and 24 neighbours are used in Panels A, B, and C,

respectively. The estimated λ is significantly positive in all models, showing that

the price reference mechanism applies during market downturns. Regarding the

magnitude, using columns 1–3 of Panel B as an example, the estimated λ is 0.6772,

0.4818, and 0.3332 in New York, Illinois, and Florida, respectively, which follows

our prediction (λNY > λIL > λFL). This finding is robust when using alternative

samples in columns 4–8 and alternative spatial matrices in Panels A and C.

Grounded in the price reference channel and the role played by expected hous-

ing price movements formalized in Section 2, our theoretical framework predicts

that the intensity of the housing price spillover effect is positively related to ex-

pected housing price changes in both periods of market expansion and market

contraction. Together with empirical support for this prediction from both the

recent boom and bust phases of the U.S. housing market, our theory contributes

to the literature on the mechanisms underlying housing price spillovers (Gargano

et al., 2023; Szumilo, 2021), which has hitherto focused exclusively on booming

periods.

4 Conclusion

In this paper, we offer a theoretical model of housing price spillover that lends

justification to the choice of the SAR model with row-normalized weight matrix

based on the geographical proximity of locations. The economic model impor-
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Table 3: Bust period 2007-2012: λ̂, estimated with 20% City Center dummy
all tracts excl. major cities cities only

NY IL FL NY† IL† FL† NYC Chicago
Panel A: W = NN8

λ̂ 0.5693*** 0.5244*** 0.3486*** 0.6442*** 0.4680*** 0.3530*** 0.7573*** 0.5955***
(t-stat) (5.43) (8.13) (3.48) (8.17) (6.87) (3.71) (5.88) (4.60)
R2 0.3083 0.4917 0.4712 0.3194 0.4818 0.4721 0.2913 0.4673
Obs 7206 6073 4882 5940 5015 4818 1266 1058
Panel B: W = NN16

λ̂ 0.6772*** 0.4818*** 0.3332*** 0.6895*** 0.3970*** 0.3941*** 0.8302*** 0.5742***
(t-stat) (6.41) (7.90) (2.68) (8.94) (6.16) (3.44) (6.46) (4.99)
R2 0.3131 0.4807 0.4694 0.3278 0.4715 0.4783 0.2936 0.4613
Obs 7206 6073 4882 5940 5015 4818 1266 1058
Panel C: W = NN24

λ̂ 0.8321*** 0.4359*** 0.3108** 0.7398*** 0.3489*** 0.3998*** 0.8396*** 0.5032***
(t-stat) (8.27) (7.08) (2.07) (9.53) (5.29) (3.00) (5.68) (4.51)
R2 0.3150 0.4728 0.4655 0.3322 0.4647 0.4779 0.2896 0.4535
Obs 7206 6073 4882 5940 5015 4818 1266 1058

Notes: † denotes estimates excluding major cities. Robust t-statistics in parentheses. *, **, and ***
denote significance at the 10%, 5%, and 1% levels. New York, Illinois and Florida’s 5-year (2007-2012)
accumulated price changes were −15.20%, −34.03%, and −42.60% respectively. Our theory predicts
λNY > λIL > λFL.

tantly facilitates the interpretation of the SAR coefficient in terms of economic

factors, namely price expectation and discount factor, and is able to explain the

evolution of spatial spillover strength throughout the whole market cycle. Our

theory suggests that there is a self-reinforcing, expectation-driven upward conta-

gion during housing booms, whereas spatial spillovers do not amplify the housing

price declines of downturns.

A key testable implication of the model is that house price growth expectations

govern the magnitude of spatial spillovers in housing markets. This implication

is supported by U.S. data for both the recent boom period (2018-2023) and the

bust period (2007-2012). The findings inform the design and timing of housing

and macroprudential policies by emphasizing the role of expectations in driving

spatial amplification during housing booms. They suggest that interventions are

likely to be most effective when deployed early in the upswing, before expectations

become self-fulfilling through spatial spillovers.
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Neumayer, E. and Plümper, T. (2016). Spatial spill-overs from terrorism on

tourism: Western victims in islamic destination countries. Public Choice,

169(3):195–206.

Ooi, J. T. and Le, T. T. (2013). The spillover effects of infill developments on local

housing prices. Regional Science and Urban Economics, 43(6):850–861.

Piazzesi, M. and Schneider, M. (2009). Momentum traders in the housing market:

Survey evidence and a search model. American Economic Review, 99(2):406–

411.

23



Rosenthal, S. S., Strange, W. C., and Urrego, J. A. (2022). Jue insight: Are city

centers losing their appeal? commercial real estate, urban spatial structure, and

covid-19. Journal of Urban Economics, 127:103381.

Sinai, T. M. (2013). House price moments in boom-bust cycles. In Glaeser, E. and

Sinai, T. M., editors, Housing and The Financial Crisis. University of Chicago

Press, Chicago.

Szumilo, N. (2021). Prices of peers: Identifying endogenous price effects in the

housing market. The Economic Journal, 131(639):3041–3070.

Yang, J., Yu, Z., and Deng, Y. (2018). Housing price spillovers in china: A high-

dimensional generalized var approach. Regional science and urban economics,

68:98–114.

24



Appendix

This appendix contains Tables 4-5 that report estimation results with 10% City

Center dummy.

Table 4: Boom period 2018-2023: λ̂, estimated with 10% City Center dummy
all tracts excl. major cities cities only

FL NY IL FL† NY† IL† NYC Chicago
Panel A: W = NN8

λ̂ 0.7500*** 0.6830*** 0.5274*** 0.8078*** 0.7054*** 0.4952*** 0.9052*** 0.7015*
(t-stat) (6.01) (4.84) (3.66) (6.38) (5.93) (3.64) (4.26) (1.75)
R2 0.5417 0.2693 0.3229 0.5402 0.2619 0.3559 0.1148 0.1723
Obs 4661 6702 5851 4600 5660 4871 1042 980
Panel B: W = NN16

λ̂ 0.9131*** 0.7937*** 0.5384*** 0.9529*** 0.7455*** 0.4866*** 0.9232*** 0.4768
(t-stat) (8.37) (6.49) (4.03) (8.54) (7.63) (3.80) (4.52) (1.27)
R2 0.5468 0.2799 0.3346 0.5458 0.2760 0.3654 0.1480 0.1967
Obs 4661 6702 5851 4600 5660 4871 1042 980
Panel C: W = NN24

λ̂ 0.9338*** 0.8764*** 0.5418*** 0.9658*** 0.7828*** 0.4892*** 0.9727*** 0.2565
(t-stat) (8.64) (7.36) (4.03) (8.55) (8.04) (4.01) (4.29) (0.74)
R2 0.5496 0.2837 0.3337 0.5492 0.2806 0.3642 0.1545 0.2094
Obs 4661 6702 5851 4600 5660 4871 1042 980

Notes: † denotes estimates excluding major cities. Robust t-statistics in parentheses. *, **, and ***
denote significance at the 10%, 5%, and 1% levels. Florida, New York, and Illinois’ 5-year (2018-2023)
accumulated price gains were 73.07%, 42.84%, and 34.03%, respectively. Our theory predicts
λFL > λNY > λIL.
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Table 5: Bust period 2007-2012: λ̂, estimated with 10% City Center dummy
all tracts excl. major cities cities only

NY IL FL NY† IL† FL† NYC Chicago
Panel A: W = NN8

λ̂ 0.5021*** 0.5155*** 0.3496*** 0.6307*** 0.4883*** 0.3494*** 0.7452*** 0.5721***
(t-stat) (4.27) (7.88) (3.47) (7.98) (7.32) (3.62) (5.73) (4.29)
R2 0.3044 0.4912 0.4711 0.3198 0.4832 0.4712 0.2922 0.4729
Obs 7206 6073 4882 5940 5015 4818 1266 1058
Panel B: W = NN16

λ̂ 0.6207*** 0.4592*** 0.3618*** 0.6655*** 0.4415*** 0.4110*** 0.8212*** 0.5426***
(t-stat) (4.90) (7.34) (2.91) (8.32) (7.15) (3.56) (6.33) (4.65)
R2 0.3103 0.4790 0.4727 0.3278 0.4753 0.4797 0.2955 0.4683
Obs 7206 6073 4882 5940 5015 4818 1266 1058
Panel C: W = NN24

λ̂ 0.8893*** 0.4112*** 0.3225** 0.7107*** 0.4420*** 0.4090*** 0.8368*** 0.4879***
(t-stat) (7.62) (6.58) (2.14) (8.64) (7.38) (3.02) (5.66) (4.40)
R2 0.3133 0.4706 0.4668 0.3321 0.4726 0.4784 0.2912 0.4604
Obs 7206 6073 4882 5940 5015 4818 1266 1058

Notes: † denotes estimates excluding major cities. Robust t-statistics in parentheses. *, **, and ***
denote significance at the 10%, 5%, and 1% levels. New York, Illinois and Florida’s 5-year (2007-2012)
accumulated price changes were −15.20%, −34.03%, and −42.60% respectively. Our theory predicts
λNY > λIL > λFL.

26


	LeeManzoniRenRossi_WP.pdf
	Introduction
	Model
	Testable Implication/prediction
	Data and Estimation
	Empirical Evidence from the 2018-2023 Housing Boom
	Empirical Evidence from the 2007-2012 Housing Bust

	Conclusion


