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1 Introduction

Housing represents the most important asset for most households. Therefore, house values play

a key role in household decisionmaking, notably about stockholdings and consumption. However,

households’ estimates of their own house’s value do not often align with market prices. Although

the average house value misestimation across all homeowning households is close to zero ($7,600 of

undervaluation on average in our sample), its standard deviation is large ($59,800). We find that 5

percent of homeowners undervalue their house by at least $87,500, while 5 percent overvalue their

house by at least $53,000.

House value misestimation has been documented for more than half a century.1 However, the

literature on portfolio choice that incorporates housing typically assumes that households accurately

observe house prices (see, for example, Flavin and Yamashita (2002), Campbell and Cocco (2003),

Cocco (2005), Yao and Zhang (2005), Fischer and Stamos (2013), Corradin, Fillat, and Vergara-

Alert (2014), Chetty, Sándor, and Szeidl (2017), and Chen, Michaux, and Roussanov (2020)).

In this paper, we study how house value misestimation affects households’ portfolio and con-

sumption decisions. We first develop a simple theoretical framework to show the implications of

incorporating misestimation in the analysis of household choices in the presence of housing. We

then use household-level data to estimate the effects of misestimation on portfolio and consumption

decisions.

We measure house value misestimation as the difference between the owner’s subjective valu-

ation of their house and its market value, which is adjusted for home improvements.2 We exploit

a new mechanism based on homeowners who just purchased a house. Our key assumption is that

the house’s market value is known with certainty—and therefore misestimation is zero—only at

the time of purchase. After purchase, the market value of the house follows a random process that

the homeowner can estimate but does not accurately observe. Using this assumption, we create

a novel measure of misestimation by comparing data on self-reported (subjective) housing values

from the Panel Study of Income Dynamics (PSID) with market house prices constructed using

Zip-code-level transaction-based house price indexes from the Federal Housing Finance Agency

1Kish and Lansing (1954) and Kain and Quigley (1972) find large discrepancies when they compare homeowners’
reported house values with values obtained from professional appraisals. These two studies assume implicitly that
appraisals are free of error. Robins and West (1977), who also assume that appraisals are unbiased estimates of house
values, conclude that house values determined by homeowners and professional appraisals contain errors of 7 percent
and 5 percent, respectively. Although there is consensus on the presence of measurement errors in house prices,
there is no agreement on the sign and magnitude. Kish and Lansing (1954), Robins and West (1977), Ihlanfeldt
and Mart́ınez-Vázquez (1986), Goodman Jr. and Ittner (1992), Kiel and Zabel (1999), Agarwal (2007), and Beńıtez-
Silva et al. (2015) document the overestimation of reported house values, which range from 3 percent to 16 percent.
By contrast, the empirical analyses in Kain and Quigley (1972) and Follain and Malpezzi (1981) find that owners’
self-reported house values underestimate house prices by about 2 percent.

2Throughout the paper, we use “misestimation” and “house value misestimation” interchangeably. This misesti-
mation is directional: Positive misestimation corresponds to overvaluation, and negative misestimation corresponds
to undervaluation. We do not consider misestimation in any other asset class.
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(FHFA). Our novel measure shows that misestimation is a widespread and sizable phenomenon,

with substantial variation across households and regions, but its average is close to zero.

To guide our empirical analysis of the effects of house value misestimation on portfolio and

consumption decisions, we develop a stylized three-period model of portfolio choice that incorpo-

rates household misestimation of housing values, building on the framework established by Cocco

(2005). Our model relates to an emerging literature that incorporates survey evidence on house

price expectations (Kuchler, Piazzesi, and Stroebel (2023)) into models with housing as well as

previous work that emphasizes the effect of expectations on housing demand (Landvoigt (2017)),

mortgage-level choices (Bailey et al. (2019)), and home improvements (Choi, Hong, and Scheinkman

(2014)).3 Recent papers examine the role of house price expectations in shaping key housing de-

cisions, including the rent-versus-buy choice Bailey et al. (2018), the timing of home sales Bottan

and Perez-Truglia (2025), and characteristics of home purchases such as price and size Gargano,

Giacoletti, and Jarnecic (2023).

In our model, households face risky home prices and can invest in risky stocks, in addition to

risk-free assets. After buying a house via a mortgage, households have heterogeneous beliefs about

the growth rate of house prices. We assume that households’ beliefs about the expected growth

rate of house prices follow a normal distribution in which the mean is the expected growth rate

of market value house prices. These beliefs determine the level at which households estimate their

future house values and therefore affect their portfolio and consumption decisions.

This modeling approach allows us to establish a causal relationship between the exogenous

changes in house value misestimation—defined as the difference between the expected house value

conditional on the household’s belief about the mean price growth rate and the expected house

value conditional on the market mean price growth rate—and household decisions that we employ

in the empirical analysis later. The model provides two predictions. First, households overvaluing

their home will perceive that their overall risk exposure is already high and, consequently, will

prefer to reduce the stock share of liquid wealth with constant relative risk aversion preferences.

Second, households will increase nonhousing consumption and hold more safe financial assets rather

than expose themselves to additional stock market risk.

We then empirically investigate the relationship between households’ house value misestimation

and their portfolio and consumption choices. Using the PSID household-level data from 1984 to

2021, we find that a $60,000 increase in house overvaluation (approximately one standard deviation)

results in a 1.1 to 1.9 percent decrease in risky stockholdings, a 1.5 to 4.3 percent increase in

consumption, and a 1.3 to 2.5 percent increase in the share of risk-free assets over liquid wealth,

holding house value and mortgage debt constant.

Our empirical approach builds on (Chetty, Sándor, and Szeidl 2017), who underscore the im-

3Building on macroeconomic general equilibrium frameworks, Burnside, Eichenbaum, and Rebelo (2016) and Ka-
plan, Mitman, and Violante (2020) incorporate house price expectations to study aggregate boom-and-bust dynamics
in housing markets.
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portance of separately identifying home equity and mortgage debt when analyzing the impact of

housing on portfolio decisions. Following their methodology, we employ two distinct instruments: a

measure of state-level housing supply elasticity for the subjective market value of the house, and the

interaction of state-level average house prices at the year of purchase with national mortgage rates

for the outstanding mortgage balance. While our analysis draws on a different data set and covers a

longer period, we verify that–before incorporating house price misestimation–our baseline estimates

are consistent with those of Chetty, Sándor, and Szeidl (2017) in both sign and magnitude. This

alignment lends credibility to our empirical strategy.

Our empirical analysis extends the literature by explicitly accounting for the role of house value

misestimation in portfolio decisions. Since misestimation itself may be endogenous, we employ an

instrumental variable strategy to identify its effect. Therefore, we introduce two novel instruments

that capture variation in households information sets based on locally available signals. The first

instrument is the number of housing transactions at the Zip code level, assuming that while local

transaction volume shapes information availability, it does not directly influence individual port-

folio choices. As an alternative, we use the volume of local Google searches related to housing

transactions, which proxies similarly for information exposure. Our results remain robust across

both instruments.

Finally, a fundamental assumption in our empirical approach is that the only way to eliminate

misestimation is to have the house on sale continuously on sale, and to receive periodic market

offers from buyers. One could argue that online real estate databases such as Zillow, professional

appraisals for refinancing or home equity extraction, and municipalities’ real estate tax assessments

should mitigate house price misestimation. However,these estimates of market valuation are not

exempt from error and rarely coincide with actual transaction prices. In 2018, for instance, Zil-

low’s website documented that 15.7 percent of the Zillow market estimates missed the subsequent

transaction price by more than 20 percent, and 50 percent of the estimates missed the transaction

price by more than 5 percent.4,5

The paper is structured as follows. In Section 2, we develop our measure of misestimation and

documents its stylized facts. In Section 3, we describe the stylized model that guides our empirical

approach, and we study its comparative statics. In Section 4, we develop our empirical strategy.

Section 5 presents and discusses our empirical results. Section 6 concludes.

4Source: https://www.zillow.com/zestimate/#acc.
5Zillows automated valuation model (the “Zestimate”) was not introduced until 2006 and, at launch, covered

about 40 million U.S. homes; nationwide coverage expanded only gradually over the subsequent years. Consequently,
online real estate databases such as Zillow were either absent or too thinly populated to affect the properties included
in our sample.
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2 House Value Misestimation

The main goal of our paper is to analyze the effects of house value misestimation on stockholdings,

consumption, and housing decisions. We conduct our empirical analysis using several data sources.

First and foremost, we use PSID data from 1984 to 2021 to obtain information at the household

level on stockholdings, consumption, and housing decisions. The PSID comprises a panel of indi-

viduals and households that are followed over time. The most relevant variable is the self-reported

value of each household’s home. The survey data also provide socioeconomic characteristics of the

households and granular geographic locations.6 Specifically, we use data on family income; family

size (number of family members); and the head of household’s age, gender, education, and marital

and employment status.

We estimate house value misestimation as the difference between the household’s subjectively

determined house value and the house’s actual market value. Self-reported values in PSID are our

measure of subjective house values. We use the FHFA House Price Index (HPI) at the five-digit

Zip code level to construct a proxy for the house’s market value. We estimate the market value of

the property by applying the local HPI growth rate for the household’s Zip code to the most recent

purchase price of the house. Formally, misestimation mi,t for each household i at time t is defined as

mi,t = HV S
i,t−HVM

i,t , where HV S
i,t denotes the subjective value of the house i at time t that the owner

reported in the PSID and HVM
i,t is the market value of the house. A positive value of mi,t indicates

overvaluation, while a negative value indicates undervaluation. We make one key assumption to

build our measure of house value misestimation: The house value that households report in the

year of purchase corresponds to the true market value of the house. Hence, household i’s house

value misestimation is zero at the time of the housing transaction, or HVM
i,t0

= HV S
i,t0

. Thereafter,

home improvements add to the market value of the house, which evolves following the price growth

in the corresponding Zip code. Specifically, HVM
i,t =

(
HVM

i,t−1 +HIi,t−1

)
∆ log(HPIzipi,t), where

HIi,t−1 denotes the home improvements for household i at time t − 1. This assumption allows us

to use a repeat-sales index at a very granular level (that is, the Zip code level) as opposed to using

a hedonic pricing model to account for the house’s market price.

Table 1 reports descriptive statistics for the measure of house value misestimation. Panel A

presents summary moments for the full sample. We observe that, on average, households modestly

underestimate the value of their home by approximately $7, 600, with a standard deviation of

$59,800. The distribution exhibits substantial heterogeneity: The bottom 5 percent of households

undervalue their property by more than $87, 500, whereas the top 5 percent overvalue it by more

than $53, 000. Panel B examines the evolution of misestimation around household moves. The mean

misestimation declines sharply as the move approaches, reaching zero in the year of the move (by

6We use the restricted Geospatial Data Tract Level, produced and distributed by the University of Michigan’s
Survey Research Center, Institute for Social Research. This panel data set contains the census tract info and Zip
code location of each household. See Appendix OA-I for more details about the data construction.
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Table 1: House Value Misestimation Statistics. Sample mean, standard deviation, 5th and 95th
percentiles, and the number of observations for house value misestimation (Panel A). The data on subjective
house values and house improvements come from the PSID. Data on market house values are derived using
FHFA data at the five-digit Zip code level and PSID home prices at transaction times. Mean and standard
deviation of house value misestimation for households that moved, by year, from two years before to two
years after the move (Panel B). Period: 1984–2021.

Panel A. Descriptive statistics

Mean Std. Dev. p5 p95 Obs.

House Value Misestimation (×$100, 000), mi,t -0.076 0.598 -0.875 0.530 60,901
Subjective House Value (×$100, 000), HV S 1.750 1.796 0.146 5.000 60,901
Market House Value (×$100, 000), HVM 1.866 2.384 0.148 5.630 60,901
Home Improvements (×$100, 000), HI 0.026 0.200 0.000 0.130 60,901
HI if (HI > 0) 0.412 0.688 0.100 1.400 38,651

Panel B. Misestimation around moves

Relative Year Mean Std. Dev. Obs.

t− 2 0.172 0.419 4,466
t− 1 0.069 0.148 1,911
t 0.000 0.000 20,761

t+ 1 0.104 0.157 3,828
t+ 2 0.247 0.390 7,865

construction), and then rises in the following years. This pattern suggests that households largely

eliminate valuation errors when relocating but gradually develop further misestimation thereafter,

potentially reflecting limited information about the new housing market or changing neighborhood

characteristics. Consistent with these patterns, Figure 1 illustrates the empirical distribution of

misestimation, which is approximately symmetric but displays wide dispersion, indicating that both

overvaluation and undervaluation are prevalent among homeowners.

We investigate whether the extent of misestimation is driven by key socioeconomic factors,

including family income, household size, age, gender, educational attainment, marital status, and

employment status. The results, presented in Table 2, indicate that, although there is some persis-

tence (captured by the positive and significant sign of the coefficient mi,t−1), none of these variables

exhibits statistical significance in explaining variations in the level of misestimation.7 Moreover, a

variance decomposition analysis using socioeconomic variables reveals that family income (in logs),

employment status, education, and family size explain 55.8 percent, 20.2 percent, 11.7 percent, and

9.2 percent of the explained variation, respectively. Therefore, four variables are needed to explain

most of the variation attributed to socioeconomic factors, which together explain only 38.4 percent

of the total variation in misestimation.

Overall, a key takeaway from our analysis is that house value misestimation is a widespread

7We report the descriptive statistics in Appendix Table A-1.
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Figure 1: Distribution Plot of House Value Misestimation. This histogram shows the empirical

distribution of house value misestimation for U.S. households from 1984 to 2021. House value misestima-

tion is calculated as the difference between a household’s self-reported house value in the PSID and the

estimated market value of the house, which is derived using the FHFA HPI at the five-digit Zip code level.

A positive misestimation value indicates overvaluation by the homeowner, while a negative value indicates

undervaluation.

phenomenon with substantial variation across households. While self-reported house values tend to

be slightly underestimated on average, both overestimation and underestimation are common, with

a significant fraction of households exhibiting large misestimation errors. Our findings suggest that

socioeconomic characteristics, such as family income, employment status, education, and household

size, do not play a significant role in explaining the extent of misestimation. The persistence of

misestimation over time, as indicated by the significance of lagged values, highlights the potential

for systematic biases in the perceptions of property values at the household level. These results

underscore the importance of considering misestimation in economic models of household financial

behavior, as it may have far-reaching implications for stockholdings, consumption, and housing

decisions.
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Table 2: Misestimation and Socioeconomic Indicators. The dependent variable for all specifications is
misestimation (in $100,000), mi,t. We control for the logarithm of family income, number of family members,
gender (male = 1), education (high school or more = 1), marital status (married = 1), and employment
status (employed = 1) of the head of the household. Column (1) also controls for lagged misestimation,
mi,t−1. All our estimations use age of the head of the household, year, and five-digit Zip-code-level fixed
effects. Robust t-statistics are shown in parentheses. ****, **, and * indicate significance at the 1 percent,
5 percent, and 10 percent level of confidence, respectively.

(1) (2)
mi,t mi,t

mi,t−1 0.423∗∗∗

(0.0592)
Family Income (log) -0.0291∗ -0.0185

(0.0157) (0.0198)
Family Size -0.0052 -0.0100

(0.0054) (0.0081)
Gender -0.0456 -0.0978∗∗

(0.0291) (0.0401)
Education -0.0174 -0.0213

(0.0189) (0.0255)
Married 0.00721 0.0270

(0.0286) (0.0365)
Employed -0.0249 -0.0278

(0.0176) (0.0258)

Observations 28,101 28,269
R-squared 0.591 0.381
Zip Code FE Yes Yes
Year FE Yes Yes
Age FE Yes Yes

3 Model

3.1 Set-up

We build on a stylized model of housing and portfolio choice as in Cocco (2005) and Chetty,

Sándor, and Szeidl (2017), introducing misestimation of house prices. Our model has three dates

t = 0, 1, 2. A household endowed with house H0, mortgage debt M0, and liquid wealth L0 makes

financial investment decisions at t = 0 and t = 1, and consumption takes place at t = 1 and t = 2.

The household’s utility depends on adjustable consumption Ct and housing consumption H0. The

household faces three sources of uncertainty. First, home prices are risky. Second, after t = 0, the

household holds heterogeneous beliefs about the growth rate of house prices. Third, the household

can invest in a risky asset.
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The household i maximizes lifetime expected utility:

max
α0,αi

1,C
i
1,C

i
2

δE0


(
Ci,1−β1 Hβ

0

)1−γ
1− γ

+ δ2E0

Hβ(1−γ)
0

(1− γ)
× (W2 − P2 ×H0︸ ︷︷ ︸

Ci
2

)(1−β)(1−γ)


+ δ3E0

[
(P2 ×H0 + S2)

1−γ

1− γ

]
. (1)

At t = 0, the household can invest in a risk-free financial asset with return 1 + Rf = exp(rf )

and a risky asset (for example, stocks) with return 1+Rs = exp(r), where r is normally distributed

with mean µr and variance σ2r . The only choice variable at t = 0 is α0, the share of liquid wealth

invested in the risky asset. Let Rw = α0Rs + (1 − α0)Rf denote the household’s financial return

on liquid wealth, and assume that short-sales constraints restrict α ∈ [0, 1].

Home prices are P0 = 1 and P1 = exp(p1), where p1 is normal with mean µip and variance σ2p.

The correlation between home price growth and stock returns is ρ = corr[p, r]. As in Bailey et al.

(2019), we assume that households beliefs about the expected growth rate of house prices follow

a normal distribution with mean µmp , the expected growth rate of market value house prices, and

standard deviation σmp :

µip ∼ N(µm, σm). (2)

We adopt the normal distribution for our parametric predictions based on the empirical evidence

about the distribution of misestimation that we observe in Figure 1. This simple set-up allows us

to measure house value misestimation. At t = 0, the homeowner has just bought the house H0

at the price P0. Immediately after, the homeowner draws their beliefs about the house value’s

appreciation from (2), deviating from the market value of house. When µip > µm (µip < µm),

homeowners overestimate (underestimate) house prices, leading to positive (negative) house value

misestimation.

At t = 1, the household’s budget constraint is

Ci1 + P1 ×H0 = (1 + Rw︸︷︷︸
αi
1Rs+(1−αi

1)Rf

)× L0 + Y1 + P1 ×H0 − (1 +RMTG)× M0

2
, (3)

where RMTG is the mortgage rate; Y1 is the labor income, which we assume is deterministic; and

L0 is the initial liquid wealth. We assume that the household repays half of the mortgage balance,

which increases their home equity share. The share of the risky asset out of liquid wealth αi1 and

numeraire consumption Ci1 depends crucially on whether the homeowner is optimistic or pessimistic

about housing return via µip.

At t = 2, we incorporate two components for the household’s expected utility (see Equation

1). The first component depends on the numeraire consumption decision Ci2 = W2 − P2 ×H0. For
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tractability, we assume that the household’s belief µip realized between t = 0 and t = 1 does not

change between t = 1 and t = 2. The second component, P2 × H0 + S2, depends on the total

market value of assets and addresses the concern that the household cannot monetize the house at

the end of t = 2 in our framework by introducing a bequest motive. Following Cocco (2005), we

assume that the household bequeaths the house as well as any unconsumed savings, S2, to their

offspring, who derive constant relative risk aversion (CRRA) utility from the total market value of

these assets.

It is worth emphasizing that our objective is not to construct a full life-cycle or general-

equilibrium model. Our stylized three-period set-up serves only to isolate the mechanism through

which belief-driven misestimation affects household portfolios and consumption. The models value

lies in offering clean comparative statics that motivate our empirical tests.

3.2 Parameters

Before presenting the numerical results, we specify the parameter values for our model. For param-

eters related to life-cycle portfolio choices, we follow Chetty, Sándor, and Szeidl (2017), setting the

risk-free rate at Rf = 0.02, the stock risk premium at 0.06, and the annual stock return volatility

at σ = 0.157 per annum. The mortgage rate is set as RMTG at 0.04. We assume that γ = 10.

Regarding housing preferences, we set the relative preference parameter at β = 0.3. We set the

parameter of expected housing return at µp = 0.016 as a base parameter. We set the house price

volatility σp at 0.062 and the belief dispersion σm at 0.01. Both Cocco (2005) and Yao and Zhang

(2005) assume a zero correlation between housing and the stock market, ρ = 0.8

We set the time horizon of our model to 10 years to represent an investment horizon over which

housing commitments are likely to be important. We set liquid wealth at L0 = $44, 000, house

value at P0 ×H0 = $150, 000, and mortgage at M0 = $105, 000, implying an initial loan-to-value

ratio of 70 percent. Finally, the present value of future labor income is approximately five times

current financial wealth for households whose head is in their late 40s or early 50s; hence, we set

Y1 = 5× L0, as in Chetty, Sándor, and Szeidl (2017).

3.3 Predictions

We next study how house value misestimation impacts investment in a risky asset and numeraire

consumption. Figure 2 displays the distribution of house value misestimation based on the model

at t = 1. We compute misestimation as the difference between the expected house value based on

µip and the expected market value of the house based on µm:

mi
1 = E1[P2|µip]− E1[P2|µm], (4)

8This assumption is also supported by Appendix Figure A-1.
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which is consistent with our definition of empirical house value misestimation presented in Section

2. The first component, based on average belief µip, corresponds to the subjective value of the house

that the owner reported in the PSID, while the second component, based on the expected market

growth rate µm, corresponds to the market value of the house. The model distribution mimics

closely the empirical distribution of misestimation that we observe in Figure 1. When µip > µm

(µip < µm ), we find positive (negative) house value misestimation mi
1 > 0 (mi

1 < 0).

-1 -0.8 -0.6 -0.4 -0.2 0 0.2 0.4 0.6 0.8 1

House Value Misestimation

0

0.2

0.4

0.6

0.8
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1.2

1.4

1.6

1.8

Figure 2: Distribution Plot of House Value Misestimation Based on the Model. This figure plots

the histogram of the variable house value misestimation computed at t = 1. Misestimation mi
1 is computed

as the difference between the expected house value based on µi
p and the expected value of market value based

on µm.

It is important to distinguish between heterogeneity in true house price growth and heterogene-

ity in beliefs about house price growth. In our set-up, misestimation captures subjective deviations

from the market-expected value, which are orthogonal to realized price shocks. While both af-

fect perceived wealth, only misestimation generates cross-sectional variation in consumption and

portfolio allocations that is independent of true wealth changes.

We first focus our analysis on the relationship between misestimation and investment in a risky

asset. We solve the model numerically because closed-form solutions are not available.9 Figure

9We use the same numerical techniques as those employed by Cocco (2005) and Chetty, Sándor, and Szeidl (2017)
to solve the model. We use backward induction and compute continuation values over grids. We approximate the
state and choice variables using equal-spaced grids and the probability density functions of shocks with Gaussian
quadratures.
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3 shows the numerical results of households’ allocation to the risky asset as a function of house

value misestimation. It shows that investment in the risky asset declines in misestimation mi. An

increase in the average belief µip increases the perceived net return on housing, leading to positive

misestimation mi
1, and induces the household to reduce their exposure to the stock market, therefore

choosing a lower share in the risky asset αi1. As a result, the household increases their exposure to

the the risk-free asset, 1−αi1, when misestimation increases, as is also shown in Figure 3. Prediction

1 summarizes this result:

Prediction 1: At time 1, a household with a higher average belief µip overestimates the value

of its house, resulting in a larger misestimation mi
1 and a lower allocation to the risky asset αi1.

Figure 3: Relationship between House Value Misestimation and Risky and Risk-free Asset

Allocation. This figure plots the household’s optimal allocation to risky assets (for example, stocks) and

risk-free assets as a function of house value misestimation, derived from the numerical solution of the model.

House value misestimation is defined as the difference between the homeowners subjective valuation and the

market value of the house.

Second, we focus on the relationship between misestimation and consumption. Figure 4 shows

the numerical results of households’ consumption as a function of house value misestimation. It

shows that consumption C increases with misestimation mi. As misestimation increases (that is,

as households increasingly overvalue their homes), consumption rises. Overestimating homeowners

perceive themselves as wealthier and therefore consume more, while underestimating households

consume less. An increase in the average µip increases the perceived net return on housing, leading to
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positive misestimation mi, which induces the household to consume more. Prediction 2 summarizes

this result:

Prediction 2: At time 1, a household with a higher average belief µip overestimates the value

of its house, resulting in a larger misestimation mi
1 and a higher numeraire consumption Ci1.

Figure 4: Relationship between House Value Misestimation and Consumption. This figure illus-

trates the model’s predicted relationship between house value misestimation and nonhousing consumption,

expressed as a share of liquid wealth.

In addition, our framework implies a third prediction concerning households allocation to risk-

free assets. Because overestimating homeowners perceive themselves as already exposed to greater

housing risk, they reallocate their liquid portfolios away from risky stocks toward safe assets.10

This substitution effect implies that, as house value misestimation increases, households allocate

a larger share of their liquid wealth to risk-free assets. We summarize this relationship in the

following prediction:

Prediction 3: At time 1, a household with a higher average belief µip overestimates the value of

its house, resulting in a larger misestimation mi
1 and a greater allocation to risk-free assets (1−αi1).

10This third implication follows directly from the households budget constraints and the previous two predictions.
When overvaluing their home, households reduce the share of risky assets (Prediction 1) and increase consumption
(Prediction 2), which jointly imply a higher residual allocation to risk-free assets.
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4 Empirical Strategy

Following the theoretical predictions in Section 3, our objective is to empirically establish the causal

effect of house value misestimation on households’ choices, such as those related to stockholdings

and stock market participation, investment in risk-free assets, and nonhousing consumption. We

estimate the effects of misestimation on households’ choices using the following linear specification:

Yit = β1mit + β2HV it + β3MTGit + β4Xit + ηt + ηstate + ηage + εit, (5)

where Yit is the variable of interest for household i at time t, and mit is house value misestimation

as described in the preceding section. HVit and MGTit denote the reported house value and the

mortgage debt, respectively. As in (Chetty, Sándor, and Szeidl 2017), we separate the reported

house value from the mortgage debt because they serve distinct roles in household portfolio decisions

and have different implications for risk exposure, liquidity, and wealth accumulation.11 We also

include a vector Xit of socioeconomic controls at the household-year level, including number of

family members, family income (in logs), gender, education, and marital status.

All our specifications include time (ηt), state of residence (ηstate), and age fixed (ηage) effects to

control for aggregate common trends and unobserved geographical variation. Specifically, age fixed

effects enable us to account for all unobservable characteristics and systematic differences across

households of the same age cohort that might influence decisionmaking. This method ensures

that our estimation isolates the variation in decisions attributable to house value misestimation,

avoiding biases that might arise from omitted variables correlated with age. Thus, our estimates

capture the impact of house value misestimation while controlling for potential confounders tied

to cohort-specific behavioral patterns such as generational attitudes toward risk, financial literacy,

or typical life-cycle patterns in asset allocation. Moreover, fixed effects offer the advantage of

capturing nonlinearities and cohort-specific dynamics that a simple age control might overlook,

leading to more robust and interpretable results. Additionally, by including year fixed effects, we

account for time-varying factors that affect all households uniformly, such as macroeconomic trends,

policy changes, or market shocks, while state fixed effects control for spatial heterogeneity such as

differences in housing markets, state regulations, or local economic conditions. Together, these fixed

effects create a robust framework that isolates the variation in household decisions attributable to

house value misestimation, free from confounding influences linked to age, temporal dynamics, and

geographic disparities.

Our empirical specification holds constant both the true market value of the house and the

mortgage balance, thereby isolating misestimation as an independent driver of household financial

choices. Therefore, the behavioral responses we document cannot be explained by variation in

11By analyzing mortgage debt separately, we isolate the net effect of housing on household wealth and portfolio
decisions while accounting for the risks introduced by leverage.

13



actual house price growth alone.

It is imperative that we isolate exogenous variation in misestimation to address potential endo-

geneity concerns, measurement error in our misestimation variable, and reverse causality. We do

so by using two novel instruments for our house value misestimation variable: differences across

the number of housing transactions at the Zip code level and local Google Trends data on searches

related to housing markets. In the following subsection 4.1, we develop these two instruments.

In subsection 4.2, we justify the adoption of two well-established instruments for house values

and mortgage debt to address potential endogeneity concerns related to the choice of house and

mortgage size.

4.1 Instrumenting House Value Misestimation

The amount of housing-market-related information available to households can impact their ability

to develop more accurate and reliable assessments of area property values. Based on this idea, we

introduce two novel instrumental variables designed to isolate exogenous variation in misestimation.

Both instruments are similar: We use a variable that correlates strongly with the accuracy of a

household’s house value estimation. We interact this variable with the sign of the household’s

previous misestimation (that is, whether the house was overvalued or undervalued) to capture the

effect of information on the absolute value of misestimation. While the availability of housing-

market-related information is relevant in determining misestimation, it is arguably exogenous to

the household’s portfolio and consumption decisions.

First, we use the number of housing transactions from CoreLogic data at the Zip code level, since

the more liquid local house markets are, the more information households have on hand to infer

the value of their house. Our key assumption is that the number of local transactions do not affect

households’ portfolio and consumption decisions. We calculate transaction rates per capita by Zip

code. These rates form the basis of percentile bins (that is, 10 percent, 20 percent, up to 90 percent)

for each year. The resulting categorical variable, trans10bins, stratifies Zip codes into deciles based

on transaction volume, reflecting variations in local housing market dynamics. We interact this

categorical variable with the sign of misestimation in the previous period, as more information

can reduce the absolute value of misestimation. This instrumental variable enables us to capture

exogenous variation in housing activity within Zip codes, providing a robust control for market

shocks that affect household financial decisions. This instrument also mitigates the measurement

error in the market value of the house. A higher volume of local transactions systematically lowers

the idiosyncratic component of an individual house’s market value. In sum, using the number of

housing transactions at the Zip code level as an instrumental variable addresses critical endogeneity

concerns by providing an exogenous source of variation in house value misestimation.

Second, we use an alternative instrument for robustness purposes. Consistent with the first

approach, we employ the number of housing-transaction-related searches at the most granular level

14



available from Google Trends. We construct a dictionary of keywords associated with households

engaged in home-buying or -selling activities, like “homes for sale,” “mortgage rates,” “real estate

agent near me,” etc.12 This dictionary serves as the basis for identifying relevant search queries in

Google Trends, which we then use as an alternative measure of real estate market conditions. To

create the instrumental variable, we first assign each Zip code to a decile based on search intensity

observed in Google Trends, stratified by year and geographic region. We then interact this ranked

search intensity measure with the sign of the previously observed household misestimation. This

approach allows us to exploit both cross-sectional and temporal variation in real estate search

activity as an exogenous source of identification while also accounting for potential nonlinearities

in the relationship between search behavior and households’ house value estimation.

To address potential concerns regarding the validity of our instruments, we conduct a series of

robustness checks reported in Appendix A-III. We test whether our proxies for the local information

environment (that is, the number of housing transactions and the number of housing-transaction-

related searches) correlate with local economic fundamentals such as median household income. The

results show no statistically significant relationship between either instrument and income levels

across Zip codes, suggesting that the instruments are not driven by local growth expectations and

thus satisfy the exclusion restriction. Appendix A-III also reports first-stage results confirming

that both instruments correlate strongly with the informational precision of local housing prices,

thereby supporting the relevance condition required for identification.

4.2 Instrumenting House Value and Mortgage Debt

Building upon Chetty, Sándor, and Szeidl (2017), we employ two separate sets of instrumental

variables for house value and mortgage debt. As noted, we separate the reported house value

from the mortgage debt because they serve distinct roles in household portfolio decisions and have

differing implications for risk exposure, liquidity, and wealth accumulation.

To instrument the subjective house value, we interact a measure of state-level housing supply

elasticity with FHFA national house prices. This approach isolates exogenous variation in house

prices due to supply constraints, allowing us to estimate the causal effect of changes in property

value on financial portfolios. For robustness, we employ two different measures of elasticity of

housing supply. The most widely used measure of elasticity is the one developed in Saiz (2010),

derived from land availability and regulation data. Alternatively, we use the measure proposed

in Guren et al. (2020), which exploits the fact that local house-price sensitivity to regional prices

differs across metropolitan statistical areas (MSAs). The latter study constructs the instrument

by estimating the historical sensitivity of local house prices to regional housing cycles and by

12In Appendix OA-II, we provide the dictionary that we use to obtain the intensity of search by designated market
area (DMA), which we map to Zip codes. DMAs are geographic regions in the United States defined by Nielsen
Media Research to represent television and radio markets. These regions serve as reference units for Google Trends,
which provides search data that can be segmented by such regions.
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interacting the historical sensitivity with current shocks to regional house prices, akin to a Bartik-

based instrument. The benefit of this instrument is that it helps predict local house prices by

exploiting the fact that house prices in some cities are more sensitive to regional fluctuations

compared with house prices in other cities in the same region.

To instrument mortgage debt, we use the year-of-purchase average house prices in the indi-

vidual’s state interacted with mortgage rates. By comparing individuals who purchased homes

during different market conditions, we separate the effects of house value from mortgage debt while

controlling for overall wealth changes.

These instruments help control for unobserved variation such as local labor market conditions

and selection biases in housing purchase timing. By utilizing these instruments, we disentangle the

separate effects of house value and mortgage debt on households’ decisions.

4.3 Additional Empirical Challenges

Our empirical strategy addresses endogeneity concerns about potentially biased estimates of the

effects of misestimation on households’ choices. Variables of interest such as investment and con-

sumption decisions, misestimation, house values, and mortgage debt could be subject to measure-

ment error or present reverse causality.

In particular, our constructed measure of misestimation might be subject to measurement error

that can lead to attenuation bias. By design, we utilize the household’s reported house value, ac-

cepting this as the representation of their perceived property worth, including home improvements.

Hence, the only source of measurement error in the misestimation variable is our proxy for the mar-

ket value of the house. The source of measurement error is simply the existence of house-specific

characteristics that are not captured in the corresponding household’s Zip code HPI. A system-

atic relationship between house-specific characteristics and households’ portfolio or consumption

decisions could further bias our estimates.

Reverse causality also presents a significant challenge. The relationship between house value

misestimation and household choices may be bidirectional. For instance, a household experiencing

financial distress might adjust its perception of its house value or misreport mortgage debt, leading

to simultaneity bias.

Our careful selection of instruments described earlier addresses both measurement error and

simultaneity concerns in several critical ways. By using exogenous variation from housing transac-

tions and search intensity, we address biases related to these challenges. Specifically, the Zip-code-

level housing transaction rates provide an external proxy for market dynamics, which reduces the

idiosyncratic noise inherent in individual house valuations. This directly addresses measurement

error by anchoring perceived house values to observable and systematic market activity, thereby

improving the accuracy of our misestimation variable. Moreover, the Google Trends–based search

intensity captures local interest in housing market activity, further reinforcing the robustness of
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our identification strategy by introducing variation that is orthogonal to household-level financial

choices.

We also address simultaneity through these instruments, as they are constructed based on exter-

nal market activity and information flows that are unlikely to be directly influenced by individual

household decisions. For instance, the interaction of transaction volume or search intensity with

lagged misestimation ensures that the instruments capture external drivers of misestimation rather

than endogenous household behaviors. By isolating these external sources of variation, our ap-

proach breaks the feedback loop between household decisions (for example, portfolio allocation or

consumption) and perceived house values, effectively addressing reverse causality.

In sum, our instrumentation strategy not only controls for omitted variables that could otherwise

confound the relationship between misestimation and household choices but also ensures that the

variation used for identification is exogenous, robust, and interpretable. This dual mitigation of

measurement error and simultaneity bias strengthens the credibility of our empirical results and

provides a reliable foundation for causal inference.

Finally, a potential concern regarding heterogeneity in the effects of misestimation due to dif-

ferences in household characteristics, such as income, education, or financial literacy, is resolved by

our analysis presented previously in Table 2. We run a regression of misestimation on a comprehen-

sive set of socioeconomic indicators, including income, family size, gender, education, employment

status, and others. The results demonstrate that these indicators are not significantly related to

misestimation, suggesting that misestimation is not systematically driven by observable household

characteristics. This finding implies that the effects of misestimation are unlikely to vary mean-

ingfully across these dimensions, reducing concerns about unobserved heterogeneity biasing our

results. In the online appendix, we show additional robustness tables exploring the heterogeneous

effects by interacting misestimation with the socioeconomic controls. The results indicate that the

average treatment effect estimated in our analysis provides a reliable and unbiased measure of the

impact of misestimation.

5 Results

This section presents the empirical analysis of house value misestimation on household financial

decisions, including stockholdings, stock market participation, risk-free assets, and consumption.

The results, summarized in Tables 4 through 7, demonstrate that overestimation of house

values significantly influences portfolio allocation, investment behavior, and consumption patterns.

Specifically, a $50,000 increase in house overvaluation results (holding house value and mortgage

debt constant), on average, in a 0.9 to 1.7 percent decrease in the share of risky stockholdings, a

1.3 to 3.3 percentage point reduction in stock market participation, a 2.3 to 4.4 percent increase in

the share of consumption, and a 1.7 to 2.2 percent increase in the share of risk-free asset holdings
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over liquid wealth. These findings highlight the economic significance of house value misestimation

in shaping household financial decisions.

5.1 Household Finance Data

The objective of this paper is to establish a theoretical and empirical relationship between mises-

timation and household finance decisions on stockholdings, consumption, and risk-free assets. We

use the same PSID sample from 1985 to 2021 to obtain these variables at the household level over

time, and Table 3 shows the relevant descriptive statistics. The measure of stockholdings includes

direct stock ownership, IRAs, and annuity holdings. To compute households’ liquid wealth, we

calculate the risk-free assets at the household level. Risk-free assets comprise bonds, insurance

(both net of debt), and checking and savings balances, minus the outstanding mortgage principal

on the primary residence. We calculate consumption as the sum of the food used at home, food

used away from home, and food delivered at home.13 In line with the literature, we use household

wealth to normalize portfolio choices. We calculate liquid wealth as the sum of the household’s

primary residence value, its second-house value (net of debt), business value (net of debt), bonds

and insurance assets (net of debt), stockholdings (net of debt), checking and savings balances, and

IRAs and annuities, less the mortgage principal on the primary residence.

The descriptive statistics of key variables presented in Table A-1 provide an overview of the main

financial variables included in our analysis. The data set includes variables such as total and liquid

wealth, mortgage amounts, stockholdings, consumption patterns, and risk-free asset allocations.

The sample is restricted to households with liquid wealth exceeding $2,963.30, corresponding to

the average monthly salary in the United States in 2000. The table reports the mean, standard

deviation, 5th and 95th percentiles, and the total number of observations for each variable. It shows

substantial variation in household wealth and financial behavior, highlighting the heterogeneity in

stock market participation, consumption decisions, and portfolio allocation. For comparability

across different survey waves, we focus exclusively on first mortgages.

Additionally, the online appendix OA-I contains a more detailed description of the data sources

and data cleansing process. Appendix Table A-1 presents key socioeconomic indicators, including

family income, household size, age, gender, education, marital status, and employment status,

which serve as control variables in our empirical analysis.

5.2 House Value Misestimation and Stockholdings

Table 4 examines the relationship between house value misestimation and the proportion of house-

hold portfolios allocated to stocks. The results show a negative and statistically significant co-

13Before 1999, the consumption data that the PSID collected were very limited, primarily including only food and
housing expenditures. For consistency with those earlier periods, we limit our consumption data to food consumption
throughout the full sample.
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Table 3: Descriptive Statistics of Key Variables. This table presents summary statistics for the
primary variables in the analysis, including the sample mean, standard deviation, 5th and 95th percentiles,
and the total number of observations. Housing market data are sourced from the FHFA, while data on house
value misestimation, household socioeconomic characteristics, and financial decisions are obtained from the
PSID. The sample is restricted to households with liquid wealth exceeding $2, 963.30, which corresponds to
the average monthly salary in the United States in 2000.

Mean Std. Dev. p5 p95 Obs.

Wealth:

Total Wealth (×$100, 000), TW 4.083 15.077 -0.085 15.100 36,226
Liquid Wealth (×$100, 000), LW 0.284 11.570 -0.480 4.200 36,447

Household Choices:

Mortgage (×$100, 000), MTG 0.998 1.078 0.000 3.130 44,089
Stock Holdings over Liquid Wealth, SV/LW 0.254 0.365 0.000 0.980 17,857
Consumption over Liquid Wealth, C/LW 0.487 0.781 0.009 1.999 17,782
Risk-free Assets over Liquid Wealth, RFA/LW 0.876 0.737 0.006 1.818 18,889
Stock Participation, SV > 0 0.447 0.497 0.000 1.000 18,889
Participants’ Stock Holdings, SV/LW 0.613 0.318 0.050 1.000 7,409

efficient for the misestimation variable across all specifications. Households that overvalue their

homes allocate a smaller share of their liquid wealth to stocks, consistent with Prediction 1 of our

theoretical model.

Our estimates show that a one-standard-deviation increase in house overvaluation (which rep-

resents an overvaluation of $59,800) results, on average, in a 1.14 to 1.86 percent decrease in the

share of risky stockholdings, holding house value and mortgage debt constant.

This effect remains robust to controlling for house value, mortgage debt, and socioeconomic

factors. Consistent with the model presented in Section 3, households that overvalue their house

tend to hold a lower share of risky stocks due a substitution effect. Housing is a large risky asset,

and a larger valuation overweights risky assets in the household’s portfolio. The optimal response is

to reduce their exposure to risky stockholdings, as the house is indivisible. The impact of mortgage

values are also noteworthy and in line with the model findings. Households that are more levered

(that is, have larger mortgages) also reduce their risky stockholdings, as leverage reduces their risk-

taking capacity. Home equity has an impact on stockholdings comparable to that of overvaluation.

(Chetty, Sándor, and Szeidl 2017) emphasize the need to control for leverage when evaluating the

effects of house values on households’ decisions. Consistent with their finding, we find that greater

home equity also results in a crowding out of risky stockholdings, à la (Cocco 2005). While market

house values have a negligible or negative effect, mortgage value has a very significant and negative

impact on stockholdings. In robustness analysis, we find equivalent results with home equity instead
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of mortgage value. When we control for home equity, the impact of higher market house value is

not significant or negative when the instruments based on (Guren et al. 2020) is used, exactly in

line with (Chetty, Sándor, and Szeidl 2017).

The coefficient estimates of the instrumented misestimation are larger in magnitude than the or-

dinary least squares (OLS) estimates and remain significant. The Kleibergen–Paap Wald F-statistic

confirms the strength of our instrumental variables, lending credibility to the causal interpretation

of the estimates. We report the first-stage estimates in the Appendix. It is important to reiterate

that the choice of instrument enables us to partly address endogeneity and measurement error

concerns. Specifications in columns (4) and (7) instrument misestimation with the number of com-

pleted housing transactions at the Zip code level. Arguably, households living in a Zip code where

more transactions are executed may have more information about the actual market value of the

properties and therefore have a better estimate of the market value of housing in their Zip code

(which is our measure HV S). Similarly, specifications in columns (5) and (8) use as an instrument

for misestimation the state-level number of Google searches containing words related to housing

markets. The idea is that more frequent searches result in more informed responses about the

household’s house value. Both the number of transactions and the search intensity are plausibly

uncorrelated with household-level portfolio allocation decisions.

The effects of other variables on stockholdings also align with economic intuition. Not all

the estimates on the socioeconomic variables are statistically significant, but family income and

education have an expected positive and significant impact on stockholdings.

To further assess the robustness of our findings, we re-estimate the baseline regressions under two

alternative sample restrictions, reported in Table 5. Columns (1), (3), (5), and (7) limit the sample

to properties with a ratio of land to total house value (which includes land and structure) above the

top quartile, addressing concerns that our misestimation measure may partly reflect idiosyncratic

characteristics of the building rather than beliefs about overall property value. Columns (2), (4),

(6), and (8) restrict the sample to households with home equity above the top quartile. This

second restriction mitigates concerns related to the interpretation of the reported house value. The

concept of a house price is somewhat opaque in a search market, where there is a tradeoff between

transaction price and time on the market: Sellers who can wait longer typically obtain higher

prices, while those needing to sell quickly accept lower ones. Households may incorporate private

information about their own urgency to sell into their self-reported valuation (HVS), implying that

HVS could represent the expected price conditional on their individual sale horizon, whereas HVM

represents the expected market price for an average time on the market. Restricting the sample

to high-home-equity households reduces the relevance of this concern, as these households are less

likely to anticipate near-term sales or liquidity needs. Across both robustness checks, the estimated

coefficients on house price misestimation remain negative and statistically significant, and their

magnitude is broadly consistent with the baseline results. These findings confirm that the observed
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reduction in stockholdings associated with house overvaluation reflects belief-driven misestimation

rather than noise from property characteristics or from heterogeneity in households intended time

to sell.

We also explore the extensive margin of stockholdings in Table 6. The left-hand side of the

regression specification is a dummy variable that takes the value of one if the household reports

a positive value of stockholdings in a given year. We maintain simplicity by running a linear

probability model, but results are robust to nonlinear specifications such as probit or logit.

Our findings indicate that households that overvalue their home are less likely to participate

in the stock market. Specifically, we estimate that a one-standard-deviation increase in house

overvaluation results (holding house value and mortgage debt constant), on average, in a 1.5 to

3.59 percentage point reduction in stock market participation. This result is both statistically and

economically significant. The OLS results hold and are stronger when we instrument misestimation,

market house values, and mortgages. These results related to the extensive margin of stockholdings

do not map directly to the model. However the results are consistent with the intuition that

overvaluation leads households to reduce their allocation to risky stocks, and with some of the

households being on the margin, misestimation pushes them to leave the stock market altogether.

5.3 House Value Misestimation and Consumption

Previous research underscores limitations in PSID consumption measures (Li et al. 2007; Attanasio

and Pistaferri 2014). These challenges remain central to interpreting consumption dynamics from

PSID data. Nonetheless, we use the more reliable food-consumption measure (Hall and Mishkin

1982) to further exploit the predictions of household choices in our theoretical framework.

The results in Table 7 suggest that overvaluation has a positive wealth effect on consumption, a

result that holds both in the OLS framework of column (2) and when misestimation is instrumented

to extract the exogenous variation, in columns (4), (5), (7), and (8). We find that an increase of

one standard deviation in overvaluation ($59,800) results in a 2.63 to 4.31 percentage point higher

consumption relative to liquid wealth.

Our results are consistent with the literature quantifying the wealth effect of housing values.

The literature has produced several empirical estimates of the marginal propensity to consume

(MPC) out of housing wealth. (Poterba 1984) find an MPC ranging from 0.04 to 0.06, suggesting

that a $1 increase in housing wealth leads to a $0.04 to $0.06 increase in consumption. (Case,

Quigley, and Shiller 2005) estimate the MPC to be about 0.05 to 0.15, with higher estimates for

the United States compared with other countries. (Carroll, Otsuka, and Slacalek 2011) estimate

the MPC to be about 0.05 to 0.08, with higher estimates during housing booms. (Mian and Sufi

2011) find that the housing wealth effect was amplified during the 2007–2009 financial crisis, with

(Dynan 2012) showing an MPC of about 0.05 to 0.10 during the crisis period. However, we focus

primarily on the effects of misestimation of house values, and it is not straightforward to compare
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marginal propensities to consume found in the literature with our estimates. Yet, for the median

household in our sample, whose consumption is 19 percent of their liquid wealth, a $100,000 increase

in overvaluation represents a 7.2 percentage point higher consumption ratio, that is, an increase

from 18 to 26 percent of annual consumption over liquid wealth. For a median liquid wealth of

$40,000, consumption increases by $2,880 over a year.

5.4 House Value Misestimation and Risk-free Assets

Table 8 analyzes the impact of house value misestimation on the share of risk-free assets over liquid

wealth. A $50,000 increase in house overvaluation results (holding house value and mortgage debt

constant), on average, in a 1.7 to 2.2 percent increase in the share of risk-free asset holdings over

liquid wealth.
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6 Conclusions

This paper provides novel insights into the financial consequences of house value misestimation for

households. Using a combination of theoretical modeling and empirical analysis, we establish that

households systematically overestimate or underestimate the value of their house value, leading to

significant shifts in portfolio allocation, consumption, and investment decisions.

We document a robust negative relationship between house overvaluation and the share of risky

assets in household portfolios. Specifically, a one-standard-deviation increase in house overvaluation

(which represents an overvaluation of $59,800) results, on average, in a decrease of 1.14 to 1.86

percent in the allocation to risky stockholdings, consistent with our theoretical model’s predictions.

This finding highlights a critical departure from standard portfolio choice models, which typically

assume accurate perceptions of wealth.

Furthermore, we find that overvaluation is associated with increased nonhousing consumption.

An increase of one standard deviation in overvaluation ($59,800) results in a 2.63 to 4.31 percentage

point higher consumption relative to liquid wealth. This result underscores the role of housing

wealth misestimation in the marginal propensity to consume, suggesting that households adjust

their spending behavior in response to perceived (rather than actual) wealth gains. Additionally,

households with higher perceived house values tend to reallocate financial assets away from stocks

toward risk-free assets, reinforcing a conservative shift in portfolio composition.

From an identification perspective, our use of housing market liquidity and real estate search in-

tensity as instrumental variables mitigates concerns about reverse causality and measurement error.

The strength of our instruments, confirmed by statistical tests, bolsters the causal interpretation

of our results.

These results have broad implications for financial theory and policy. First, they challenge the

common assumption in portfolio choice models that households accurately observe their wealth.

Second, they suggest that financial advisors and policymakers should account for biases in hous-

ing wealth perceptions when designing investment and retirement strategies. Third, given the

widespread use of home equity as collateral, our findings imply that misestimation of house values

could have significant implications for credit availability and macroeconomic stability.

Future research should explore the heterogeneity of these effects across demographic groups and

different housing market conditions. Additionally, investigating how financial literacy or real-time

market information mitigates the effects of misestimation on household decisionmaking presents

an important avenue for further study. Our analysis suggests that policies aimed at improving

the accuracy of homeowners selling-price expectationssuch as more frequent professional appraisals

or enhanced financial educationmay help optimize household financial decisions and contribute to

overall economic stability.
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Do Individuals Predict the Selling Prices of their Homes?” Journal of Housing Economics 29

(C): 12–25.

Bottan, Nicolas, and Ricardo Perez-Truglia. 2025. “Betting on the house: Subjective expectations

and market choices.” American Economic Journal: Applied Economics 17 (1): 459–500.

Burnside, Craig, Martin Eichenbaum, and Sergio Rebelo. 2016. “Understanding booms and busts

in housing markets.” Journal of Political Economy 124 (4): 1088–1147.

Campbell, John Y., and Joao F. Cocco. 2003. “Household Risk Management and Optimal

Mortgage Choice.” Quarterly Journal of Economics 118 (4): 1449–1494.

Carroll, Christopher D, Misuzu Otsuka, and Jiri Slacalek. 2011. “How Large Is the Housing

Wealth Effect? A New Approach.” Journal of Money, Credit and Banking 43 (1): 55–79.

Case, Karl E, John M Quigley, and Robert J Shiller. 2005. “Comparing Wealth Effects: The

Stock Market Versus the Housing Market.” Advances in Macroeconomics 5, no. 1.

Chen, Hui, Michael Michaux, and Nikolai Roussanov. 2020. “Houses as ATMs: mortgage refi-

nancing and macroeconomic uncertainty.” The Journal of Finance 75 (1): 323–375.
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Appendix

A-I Further Analysis of Misestimation

We investigate socioeconomic effects of misestimation through regression analyses. These models

explore the relationships between misestimation and variables such as family income, family size,

gender, education, marital status, employment, and tenure. We include fixed effects at the five-digit

Zip code level, year, and age, and we also cluster standard errors at the Zip code, year, and age

levels for robust inference.

We assess the determinants of changes in house value misestimation using six regression models.

Model 1 examines the relationship between changes in misestimation, changes in house value, lagged

misestimation, and other controls. Model 2 focuses on undervaluers (cases in which misestimation

was less than zero), while Model 3 analyzes overvaluers (cases in which misestimation was greater

than or equal to zero). Model 4 investigates changes in market house values as a determinant of

misestimation for overvaluers, and Model 5 applies the same approach to undervaluers. Model 6

expands on the analysis of overvaluers with market value changes. Across all models, we apply

fixed effects at the Zip code, year, and age levels, and we cluster standard errors at the same levels

for statistical robustness.

Additional analyses includes ordinary least squares (OLS) and instrumental variable (IV) models

to examine key financial behaviors. These models explore relationships such as stock value over

liquid wealth, food consumption as a fraction of liquid wealth, stock participation and value for

stockholders, risk-free assets over total wealth, and home improvements over market house value

for stockholders. We trim extreme values at the 5th and 95th percentiles within each state.

To enhance model precision, we also incorporate several controls, including mortgage size, house

value, and local socioeconomic factors such as family size, family income (log-transformed), gender,

education, and marital status. Fixed effects for state, year, and age are included, and when Google

Trends data are used as an instrumental variable, designated market area (DMA) codes are added as

fixed effects too. We employe a range of IVs: elasticity data from Saiz, gamma variables from Guren,

transaction bins from CoreLogic, and decile bins from Google Trends. These elements provide a

robust framework for understanding the nuanced interactions between house value misestimation,

financial variables, and socioeconomic trends.

Appendix Table A-1 provides an overview of the socioeconomic characteristics of the households

included in our analysis, such as family income, household size, age, gender, education, marital sta-

tus, and employment status, which serve as control variables in our empirical analysis. The sample

is restricted to households with liquid wealth exceeding $2,963.30, corresponding to the average

monthly salary in the United States in 2000. The table reports the mean, standard deviation, 5th

and 95th percentiles, and total number of observations for each variable.

House value misestimation may simply vary because homeowners learn and adjust the subjective
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Table A-1: Descriptive Statistics of Socioeconomic and Instrumental Variables. This table
presents summary statistics for the primary variables in the analysis, including the sample mean, standard
deviation, 5th and 95th percentiles, and total number of observations. Housing market data are sourced
from the Federal Housing Finance Agency (FHFA), while data on house value misestimation, household so-
cioeconomic characteristics, and financial decisions are obtained from the Panel Study of Income Dynamics
(PSID). The sample is restricted to households with liquid wealth exceeding $2963.30, which corresponds to
the average monthly salary in the United States in the year 2000.

Mean Std. Dev. p5 p95 Obs.

Socioeconomic Characteristics:

Family Income (log) 10.885 0.959 9.278 12.223 60,373
Family Size 3.043 1.419 1.000 5.000 60,901
Age 43.950 14.347 25.000 72.000 60,893
Gender (Male=1) 0.872 0.334 0.000 1.000 60,900
Education (High School or More = 1) 0.396 0.489 0.000 1.000 59,128
Married (Married=1) 0.792 0.406 0.000 1.000 60,897
Employed (Employed=1) 0.840 0.367 0.000 1.000 60,876
Tenure 5.706 6.303 1.000 19.000 60,901

Instrument Variables:

Elasticity FHFA, εHPI 238.453 170.215 54.785 585.030 38,848
Elasticity FHFA year of purchase, εHPI ×HPIt0 203.844 153.071 37.453 510.682 38,848
γHPI 132.957 91.916 39.300 305.415 30,111
γHPI ×HPIt0 112.242 80.656 32.221 268.431 30,111
Transaction 10 Bins 6.267 2.584 2.000 10.000 46,827
Google Trends Bins 5.452 2.619 1.000 10.000 25,437

valuation of their house in the direction of its market value or simply because market values move,

with no changes in subjective valuations. The latter would be consistent with homeowners anchoring

their house value at the purchase price, for example. Specifically, learning and anchoring could play

a significant role in explaining the variation of misestimation within Zip codes across households.

Table A-2 shows the results of OLS panel regressions of changes in house value misestimation at the

household level for different subsamples on these potential determinants of misestimation dynamics.

We control for lagged levels of misestimation, the current subjective value of the house (in logs),

and the socioeconomic characteristics described in the previous table.

We find that changes in both the subjective and market valuations of a house have a significant

impact on misestimation: Misestimation increases when the household increases the subjective

value, and misestimation decreases when market values grow, all else equal. The coefficients for

∆HV S and ∆HVM are positive and negative, respectively, which confirms that the variation in

misestimation is driven by variation in both subjective and market valuation growth rates. These

results are not driven by the subsample of households that undervalue or by the subsample of

households that overvalue, as shown in columns (2)–(3) and (5)–(6).
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Table A-2: The Determinants of Changes in House Value Misestimation. This table shows analysis
of the determinants of house value misestimation. The dependent variable for all specifications is the change
in misestimation (in $100,000), ∆mit. The independent variables are the change in the subjective house
value, ∆HV S , and the change in the market house value, ∆HVM . We control for lagged misestimation,
mi,t−1, and the house value in terms of HV S (log). Our set of controls includes the logarithm of family
income, education (high school or more = 1), employment status of the head of the household (employed
= 1), and the number of family members. We also control for the age, gender (male = 1), marital status
(married = 1), tenure, tenure squared, and the number of transactions in the household’s Zip code. All
our estimations use year and Zip-code-level fixed effects. Robust t-statistics are shown in parentheses. ***,
**, and * indicate significance at the 1 percent, 5 percent, and 10 percent level of confidence, respectively.
Standard errors are clustered at the year and Zip code level.

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

Households Undervaluers Overvaluers Households Undervaluers Overvaluers

∆HV S 0.574*** 0.543*** 0.584***
(0.0491) (0.0345) (0.0487)

∆HVM -0.357*** -0.502*** -0.219***
(0.0621) (0.0534) (0.0484)

mi,t−1 -0.126*** -0.102* -0.208*** -0.273*** -0.170*** -0.423***
(0.0271) (0.0537) (0.0315) (0.0380) (0.0331) (0.0937)

HV S(log) -0.0608* -0.0706* -0.0341* 0.265*** 0.284*** 0.289***
(0.0305) (0.0371) (0.0171) (0.0356) (0.0355) (0.0438)

Observations 43,789 18,304 24,671 43,789 18,304 24,671
R-squared 0.493 0.417 0.613 0.234 0.364 0.273
ZIP FE Yes Yes Yes Yes Yes Yes
Year FE Yes Yes Yes Yes Yes Yes
Age FE Yes Yes Yes Yes Yes Yes

All our specifications in Table A-2 include lagged misestimation, mi,t−1. The negative term

indicates that a higher level of misestimation relates to smaller future increases of misestimation.

Households tend to react, as a higher misestimation triggers a decline in future misestimation,

everything else equal, suggesting that there is mean reversion in misestimation.

Overall, we find that both growth in the subjective house value (that is, actively updating the

subjective valuation) and growth in the market value (that is, the subjective value being sticky) play

a significant role in explaining the variation of misestimation within Zip codes across households.

A-II Correlation between Housing and Stock Returns

In this appendix, we justify our assumption of zero correlation between housing and stock returns

used in our model. Figure A-1 illustrates the absence of a relationship between U.S. housing returns

and U.S. stock returns over the period analyzed in our empirical study.

34



-10 -5 0 5 10 15 20

Housing returns (%)

-40

-30

-20

-10

0

10

20

30

40

S
to

c
k
 r

e
tu

rn
s
 (

%
)

Figure A-1: Historical U.S. Stock Returns versus U.S. Housing Returns. This figure displays the

scatter plot of U.S.stock returns and U.S. housing returns for the period 1984–2024.

A-III Assessing Instrument Validity: Housing Turnover and Google Search

Intensity

In this appendix, we assess the empirical validity of the instruments used in our main analysis

(that is, local housing market turnover and Google search intensity for housing-related terms),

which proxy for the information environment surrounding housing markets. Two potential iden-

tification concerns merit discussion. First, both instruments may correlate with local growth ex-

pectations, potentially violating the exclusion restriction. Second, the relevance condition linking

these variables to the precision of expectations was not sufficiently demonstrated.

A-III.1 Exclusion Restriction: Testing for Correlation with Local Economic Condi-

tions

To examine whether our instruments capture variation in local economic expectations rather than

purely informational conditions, we test their correlation with a key measure of local fundamentals:

median family income at the Zip code level. If either instrument proxies for broader economic

optimism (or local demand shocks), it should covary positively with local income levels. Conversely,

if the instruments are valid, their correlation with income should be statistically indistinguishable

from zero once we control for fixed effects and clustering.
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We estimate the following specification:

median family incomezt = α+

10∑
b=1

βb BinIVb,zt + γt + δz + εzt, (A-1)

where BinIVb,zt are decile indicators of either (i) the volume of housing transactions or (ii) the intensity

of Google housing-related searches in Zip code z and year t. We include year and Zip code fixed

effects and cluster standard errors at the year level. The results are reported in Table A-3.

Table A-3: Correlation between Median Family Income and Housing Activity. This table
reports the coefficients, standard errors, and p-values from regressions of Zip-code-level median
family income on decile indicators of (1) housing market turnover (column 1) and (2) Google
search intensity for housing-related terms (column 2). Each specification includes Zip code and
year fixed effects, with standard errors clustered at the year level.

(1) (2)
Transactions IV Google Search IV

Decile 1 370.678 -486.053*
(271.085) (212.385)

Decile 2 358.437 -259.533
(237.385) (254.016)

Decile 3 56.897 34.116
(163.495) (229.737)

Decile 4 255.967 103.396
(294.923) (236.378)

Decile 5 217.271 104.608
(259.056) (144.750)

Decile 6 253.896 83.765
(193.413) (138.005)

Decile 7 283.437 249.341
(329.017) (187.468)

Decile 8 -172.712 256.908
(196.064) (219.437)

Decile 9 -285.240 355.926
(202.419) (251.499)

Decile 10 -126.024 -15.147
(392.612) (233.207)

Observations 10,487 13,335
Adjusted R2 0.97 0.96

Standard errors in parentheses

* p < 0.10, ** p < 0.05, *** p < 0.01

As shown in Table A-3, the estimated coefficients are economically small and statistically in-

significant across all deciles of both instruments. For the regression using housing transactions

(column 1), none of the coefficients is significant at conventional levels (all p-values > 0.18), and

the R2 is high (0.97) due to the inclusion of fixed effects. Similarly, for the regression using Google
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search intensity (column 2), coefficients alternate in sign and remain far from statistical significance

(all p-values > 0.07).

The lack of systematic relationship between median income and either instrument provides

strong evidence that neither variable captures broader economic conditions or local growth expec-

tations. In other words, Zip codes with higher turnover or greater housing search activity do not

systematically exhibit higher income levels once we account for time and location effects. This

supports the exogeneity of the instruments with respect to local fundamentals.

A-III.2 Relevance Condition: First-stage Results

The relevance of both instruments stems from their connection to the informativeness of local hous-

ing markets. In areas with higher transaction volumes, market prices incorporate more dispersed

private information, thereby reducing the dispersion of price expectations. Similarly, a higher inten-

sity of Google searches for housing-related terms reflects greater public attention and information

gathering, enhancing the precision of beliefs.

To verify empirical relevance, we report the first-stage results of the IV regressions corresponding

to Tables 4–8. While the set of first-stage regressions is identical across the analyses of stockhold-

ings, stock market participation, consumption, and risk-free asset holdings—and thus the coeffi-

cients are expected to be the same—we report each specification separately due to slight differences

in the number of observations across samples. The first-stage tables are organized as follows:

• Tables A-4 and A-5 report the first-stage estimates corresponding to specifications (3)-(5) and

(6)-(8) from Table 4, respectively, which examine the effect of misestimation on stockholdings.

• Tables A-6 and A-7 report the first-stage estimates corresponding to specifications (3)-(5)

and (6)-(8) from Table 6, respectively, which examine the effect of misestimation on stock

market participation.

• Tables A-8 and A-9 report the first-stage estimates corresponding to specifications (3)-(5) and

(6)-(8) from Table 7, respectively, which examine the effect of misestimation on consumption.

• Tables A-10 and A-11 report the first-stage estimates corresponding to specifications (3)-(5)

and (6)-(8) from Table 8, respectively, which examine the effect of misestimation on risk-free

asset holdings.

These results confirm the strength and relevance of the instruments used in the IV specifications

throughout our analyses. Specifically, we instrument house value (HV), mortgage balances (MTG),

and housing misestimation (mi,t). For HV, we employ the Saiz (2010) measure of housing supply

elasticity, denoted as elast FHFA. The coefficient on this variable is negative and highly significant

across all specifications (for example, 0.002 with p < 0.01 in Table A-4), indicating that house
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values are systematically lower in areas with more elastic housing supply. This finding is consistent

with the notion that areas with more elastic housing supply experience less upward pressure on

house prices in response to demand shocks, thereby supporting elast FHFA as a valid instrument

for HV.

To instrument for MTG, we use a variation of the Saiz measure that is interacted with the

elasticity at the time of home purchase, elast FHFAYearPurchase. This instrument also displays

strong first-stage relevance, with positive and statistically significant coefficients across all mortgage

regressions (for example, 0.003 with p < 0.01), suggesting that homebuyers in more elastic markets

obtain higher mortgages, possibly due to greater affordability or looser credit conditions. These

first-stage patterns are stable across alternative specifications and confirm the relevance of the

instrument for mortgage balances.

We instrument for the misestimation variable mi,t using two proxies for belief formation: hous-

ing market transactions in the property’s Zip code (Transactions) and local housing-related Google

search activity (Searches). Both instruments are highly predictive of mi,t in the first-stage regres-

sions. The coefficients for the 10 bins of levels of housing Transactions are positive and statistically

significant for most bins, while the coefficients for the 10 bins of deciles on Google Searches are

of similar magnitude and significance. These results imply that local housing market activity and

online interest are strongly correlated with house value misestimation, consistent with mechanisms

such as salience, attention, or extrapolative expectations.

Additional covariates, such as household income, education, and family size, behave as expected,

reinforcing the robustness of the instrumented relationships. Together, these findings provide com-

pelling evidence that the instruments are both statistically relevant and conceptually credible,

validating their use in addressing endogeneity concerns in household asset holdings and belief for-

mation.

Overall, in both specifications, the interaction of turnover (or search intensity) with the sign of

prior mispricing strongly predicts the absolute forecast error, consistent with the models mechanism:

Where information flows more freely, errors shrink more rapidly. The corresponding F-statistics

for instrument relevance exceed the conventional threshold of 10, confirming the strength of the

instruments (see Tables 4–8).

A-III.3 Assessing Instrument Validity: Conclusions

Taken together, these results mitigate concerns about the validity of the instruments. The absence

of correlation between our instruments and local income suggests that they are not driven by local

growth expectations. At the same time, the first-stage regressions confirm that both variables

are strong predictors of the informational component of mispricing. While no instrument can be

perfectly exogenous, these tests support the view that housing turnover and housing-related search

intensity primarily capture information diffusion rather than local economic fundamentals, thereby
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satisfying both the relevance and exclusion conditions required for valid identification.
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Online Appendix

OA-I Data Description

The Panel Study of Income Dynamics (PSID) is a longitudinal household-level survey that began in

1968, tracking households and their offspring over time. With over five decades of data collection,

the PSID has recorded insights from more than 84,000 individuals, offering an invaluable resource

for understanding household dynamics and economic trends across generations. Our study leverages

the PSID to analyze the misestimation of household values, focusing on periods when households

move. At the time of relocation, the market value of the property is known, providing a reliable

baseline for subsequent analyses of value misestimation. Using the Federal Housing Finance Agen-

cys (FHFA) House Price Index (HPI) at the five-digit Zip code level, the data set includes 20,769

observations of household moves and nearly 40,125 related observations of misestimation.

We took several key steps to create the database. First, individual-level data were processed

by executing the IND2021ER .do file, which resulted in a data set containing 84,121 records and

2,605 variables. This file was saved in .dta format for further analysis. Family-level data, spanning

1968 to 2021, were processed next. This data set includes one record for every family interviewed

since 1968, even if they participated in only a single wave of the survey. For each year, .do files

were executed and the outputs saved as .dta files. Since all files were initially stored in a shared

folder, scripts were adapted to facilitate their transfer and organization into a more manageable

structure.

Geocode data covering census tracts, states, Zip codes, core-based statistical areas (CBSAs),

and metropolitan statistical areas (MSAs) from 1968 to 2021 were also processed. This data set

comprises 306,189 observations, and scripts were modified to unify these files into a cohesive format

suitable for longitudinal analysis. Additionally, wealth data collected during selected years1984,

1989, 1994, 1999, 2001, 2003, 2005, and 2007were incorporated. The wealth files were processed

by modifying file paths in the original scripts, resulting in a consolidated data set focused on

wealth-related variables that are crucial for understanding economic trajectories.

Raw data from various external sources were integrated to enhance the dat aset. This included

FHFA HPI data at the five-digit Zip code level, annual house price indexes adjusted to a 1990

benchmark, and Google Trends data, which were merged with DMA codes and Zip codes. Once

compiled, the raw data underwent a rigorous process of standardization, cleaning, and merging.

Variable names and formats were standardized across all years, and identifiers were added where

necessary. Observations with excluded valuessuch as house prices labeled 9999998 or 9999999—

were removed to ensure data accuracy. The data were reshaped from a wide format, where variables

for different years are stored across columns, to a long format, where each observation represents

a unique household-year combination. This process resulted in a comprehensive data set with

1,411,432 observations and 95 variables.
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To create a unified data set, heads of households were extracted from the individual-level data

and saved in temporary files. Zip code variables were integrated from the geocode files by matching

FamilyID and year. These were merged with family- and individual-level data sets, producing a

consolidated data set with 32,824 unique head-of-household observations across all years and 1,661

variables. The wealth data sets were similarly integrated. Variables from the selected years were

cleaned, renamed, and merged with the family-level data in a one-to-one relationship, enabling

robust longitudinal analyses that consolidate wealth variables with family identifiers.

The 05 Merge process involved multiple steps to integrate and enrich the data set with key

variables. First, the HPI Zip code data from FHFA were prepared by creating a two-year growth

variable for HPI growth, calculated using the following formula:

Two-Year HPI Growth (%) =

[(
1 +

Previous Year HPI

100

)
·
(

1 +
Current Year HPI

100

)
− 1

]
· 100

This same formula was applied to create a two-year growth variable for state-level HPI. Subse-

quently, Zip-code-level HPI data were merged in a many-to-one relationship, resulting in 1,411,432

observations and 90 variables, while state-level HPI data brought the data set to 95 variables. Ad-

ditional integrations included elasticity data (Saiz) by Zip code (106 variables), FHFA index data

by year (107 variables), and CBSA crosswalk and gamma data (Guren) by Zip code and CBSA

(111 variables). CoreLogic ZIP code liquidity data were merged by year and Zip code, expanding

the data set to 112 variables, while Google Trends data added further detail, culminating in 116

variables. The process also computed elasticity using the state HPI index (Saiz) and created a

variable for elasticity and year of purchase, assigning elasticity values to movers, thereby enriching

the data set for comprehensive longitudinal analysis.

To refine the data set and prepare it for analysis, we first removed observations from 1968,

dropping 32,824 entries, then removed records with missing Zip codes, eliminating an additional

161,926 observations. Key control variables were then created or renamed for regression purposes,

including family income (log-transformed), gender (coded as 1 for male), education (coded as 1 for

college-educated individuals), marital status (coded as 1 for married individuals), and employment

(coded as 1 for individuals employed full- or part-time). Variables for tracking household movement

and the year of purchase were introduced, along with a calculation for the gamma HPI (Guren)

using the FHFA-5 index, with adjustments made for movers and carried forward within families.

To estimate the market value of houses over time, we implemented a stepwise procedure to

address missing values and account for annual appreciation rates. The variable HI, representing

home improvements, was initialized to zero for observations with missing values:

HI = 0, if HI is missing.

Next, we calculated the adjusted house value, HV M HI, which incorporates both the baseline
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house value (HV) and any home improvements (HI). For households that moved (move = 1), the

value of HV M HI was set equal to HV:

HV M HI = HV, if move = 1.

For households that did not move (move = 0), we estimated HV M HI iteratively using prior-

year data. The value was updated by applying annual appreciation rates from the housing price

index (HPI), specifically HPI FHFA5 for years before 1999 and HPI FHFA5 2years for years after

1997. The updates were computed as follows:

1. For years before 1999:

HV M HIt = HV M HIt−1 ×
(

1 +
HPI FHFA5

100

)
+ HI, if HV M HI is missing.

2. For years after 1997:

HV M HIt = HV M HIt−1 ×
(

1 +
HPI FHFA5 2years

100

)
+ HI, if HV M HI is missing.

These steps ensure that the adjusted house value reflects both home improvements and cumu-

lative appreciation while accommodating differences in appreciation rates over time. The iterative

approach accounts for the temporal dependency of house values, ensuring consistency in the panel

data set.

Financial variables were also meticulously prepared. Stock value was calculated as the sum of

publicly traded stockholdings, mutual funds, or investment trusts. Checking and savings accounts

combined balances across checking, savings, and money market accounts. Other assets encompassed

life insurance cash values, valuable collections, or rights in trusts or estates. Cash assets included

certificates of deposit, government bonds, and treasury bills, while debt was defined as the sum of

all credit card, student loan, medical bill, legal bill, and family loan liabilities. Liquid wealth was

defined as the total of stock value, checking and savings accounts, other assets, and cash, minus

debt (excluding IRAs). Risk-free assets were defined as the sum of checking and savings accounts,

other assets, and cash. Total wealth aggregated the values of various asset types, including farm

or business ownership, real estate (other than the main home), vehicles, and private annuities, net

of debt and inclusive of home equity.

Additional variables were created to measure misestimation as the difference between subjective

house value and market house value (inclusive of home improvements). Consumption variables were

calculated as the sum of expenditures on food at home, food delivery, and dining out. Indicators for

stock participation (coded as 1 for stockholders) and stock value for stockholders were introduced.

The data set was further enriched with lags, changes, and logarithmic transformations of key
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variables such as misestimation, subjective house value, market house value, mortgage, and food

consumption.

To prepare the IVs, we defined the panel structure by specifying the unique family identifier

(family id) and the temporal variable (year).

This step ensures that subsequent calculations respect the panel structure of the data, treating

observations as part of a time series within families.

Next, we constructed an IV to address potential endogeneity in the model. The variable IV is

derived from trans 10 bins, which represents decile bins for a specific variable, and the sign of the

lagged misestimation variable (misper 100k). The calculation was conducted separately for years

before and after 1998:

IVt =

trans 10 bins× sign(l1.misper 100k), if year < 1998,

trans 10 bins× sign(l2.misper 100k), if year ≥ 1998.
(OA-1)

Additionally, we generated dummy variables representing each decile bin (Bin10 1 through

Bin10 10). These were interacted with the lagged sign of misper 100k to create expressions as

follows:

Bin10i =

trans 10 binsi × sign(l1.misper 100k), if year < 1998,

trans 10 binsi × sign(l2.misper 100k), if year ≥ 1998,
(OA-2)

for i = 1, . . . , 10.

To assess the relationship between observed trends and the misestimation variable, we incorpo-

rated Google Trends data. Using decile bins for Google Trends (google trends bins), we generated

interaction terms between these bins and the second lag of misper 100k:

google binsi = google trends binsi × sign(l2.misper 100k), (OA-3)

for i = 1, . . . , 10.

These transformations facilitated the exploration of nuanced interactions between misestima-

tions, decile bins, and external trends in a structured panel data framework.

The process refined the data set by addressing missing or extreme values and developing models

to explore the determinants and effects of house value misestimation. The initial step involved

removing all observations with missing misestimation values, resulting in a data set of 60,194

observations (4.4 percent of the original data set). Additionally, observations with negative stock

values (13 entries) were dropped. To address outliers, key variables such as misestimation, house

value, and mortgage were winsorized at the 1st and 99th percentiles within each year. Descriptive

statistics for these variables are summarized in the accompanying table.
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OA-II Google Trends

Google Trends is a public-web that analyzes the popularity of a query across regions and over time.

It has historical search data back to 2004. It provides a normalized index of search volume data so

one can explore trends. The data are presented on a scale of zero to 100, representing the relative

search interest of a given query compared with the highest point over the selected region and time

frame. Using Google Trends, we compare multiple (up to five) queries to understand consumer

behavior over time and across regions.

We created a dictionary of possible queries that individuals could have searched in Google. For

this, we ask ChatGPT, “What 25 words are the most searched in Google and other search engines

when people are trying to buy or sell a house?” The following list comprises the answers that

ChatGPT provided: “Real estate near me,” “Real estate for sale,” “New homes,” “Real estate

listings,” “Apartments for rent,” “Houses for rent,” “Houses for sale near me,” “Houses for sale,”

“Land for sale near me,” “Land for sale,” “For sale by owner,” “Realtor near me,” “Vacation

rentals,” “Condos for sale,” “New construction homes near me,” “Selling a house,” “Cost of selling

a house,” “How to sell my house,” “Taxes on selling a house,” “Capital gains on selling a house,”

“How much does it cost to sell a house,” “Realtor,” “Real estate agent,” “Real estate agent near

me,” and “Top real estate agents.” Additionally, to complete the dictionary, we asked ChatGPT,

‘Top 25 searches in Google when a person is trying to sell or buy a house in the USA since 2004.” The

results comprised two lists, one for buying and another for selling, which we added to the dictionary:

“Homes for sale,”“Mortgage calculator,” “Home buying tips,” “First-time homebuyer programs,”

“Best neighborhoods to buy a house,” “Home affordability calculator,” “Mortgage rates,” “Home

inspection checklist,” “Home buying process,” “Down payment assistance programs,” “Homebuyer

grants,” “Closing costs for buyers,” “Types of mortgages,” “Home appraisal process,” “Home

warranty,” “Property taxes by Zip code,” “Home insurance quotes,” “Buying a house with bad

credit,” “Buying a foreclosure,” “Home inspection tips,” “Homebuyer seminars,” “Buying a house

checklist,” “Real estate market trends,” “house value estimator,” “Home staging tips,” “Selling a

house by owner (FSBO),” “Home selling process,” “Best time to sell a house,” “Selling a house with

a real estate agent,” “Home selling tips,” “Pricing my house to sell,” “Closing costs for sellers,”

“Disclosure requirements when selling a house,” and “Selling a house with tenants.” Moreover,

we added “Zillow” because of its significance over time. In the end, our dictionary consisted of 54

different queries.

As Google Trends only allows the user to compare five queries, we selected the “Houses for sale”

search as a reference query. We split the dictionary into 14 lists of four queries per list.

For each list, we added up the reference query. We computed the values of the group in the

United States from 2005 to 2021, but only even years. We calculated the yearly average for each

query because the data obtained are on a monthly basis. We then calculated the interest by

designated market area (DMA) per year per query. There are 210 DMAs in the United States.
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The interest per region result was normalized by scaling it based on yearly values in the yearly

database. We added each list to a new data frame. We replace infinity and NaN values with zeros

to prevent errors during further analysis. We finished with 1,890 observations.

We cleaned the database by removing columns in which all values are zero, leaving us with 30

queries. This indicates that, from the dictionary proposed, 24 searches were not very popular when

compared with the rest. We then calculated the mean per row, that is, the mean per year and

region.

Finally, to create the IV, we grouped the data by year and calculated the quantiles (10) for the

mean column within each year. We assigned each row to a bin based on its mean value relative to

the quantiles.

From the remaining queries, we grouped each DMA region by year and then divided it in

deciles and assigned a number to each decile per year. We added a bins column to the data frame,

indicating the bin assignment for each year and region.

53


	WP Coversheet
	Fillat_WP_Misestimating Home Values_V4
	Introduction
	House Value Misestimation
	Model
	Set-up
	Parameters
	Predictions

	Empirical Strategy
	Instrumenting House Value Misestimation
	Instrumenting House Value and Mortgage Debt
	Additional Empirical Challenges

	Results
	Household Finance Data
	House Value Misestimation and Stockholdings
	House Value Misestimation and Consumption
	House Value Misestimation and Risk-free Assets

	Conclusions
	Further Analysis of Misestimation
	Correlation between Housing and Stock Returns
	Assessing Instrument Validity: Housing Turnover and Google Search Intensity
	Exclusion Restriction: Testing for Correlation with Local Economic Conditions
	Relevance Condition: First-stage Results
	Assessing Instrument Validity: Conclusions

	Data Description
	Google Trends



