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Abstract

This paper introduces a novel dimension of household heterogeneity that plays an im-

portant role in housing markets. Households who self-assess themselves to be more

financially literate are 1) more likely to own a house and 2) take on higher leverage

on their home. We solve a heterogeneous agent portfolio choice model to infer the

role of mortgage terms and of expectations on future house prices for the empirical

patterns. We find that households with higher levels of self-assessed financial literacy

are in fact better at the parts of the transaction that are relevant to them, namely access

to more accommodating mortgage terms when they are young and better risk-return

trade-offs when they are old. Moreover, by ignoring heterogeneity in financial liter-

acy, standard models introduce quantitatively substantial biases in evaluating hous-

ing market policies. Housing demand elasticity with respect to wealth is downsized

by approximately 40% when taking financial literacy into account.

*For valuable guidance we thank Monika Piazzesi and Martin Schneider. We have also benefited from
helpful suggestions by Adrien Auclert, Rodrigo Carril, Liran Einav, Pete Klenow, Sean Myers, Alessandra
Peter and Chris Tonetti, as well as participants of the Stanford Macro Seminar.
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1 Introduction

This paper asks why households differ in their housing and mortgage choices. A large lit-
erature on portfolio choice with housing relates such choices to standard household char-
acteristics such as age, income and wealth (e.g. Campbell and Cocco 2003, Cocco 2004).
These models assume households have similar home ownership preferences, have the
same expectations on future house prices and face the same credit constraints in the hous-
ing markets. In these models, the only reason some households become renters rather
than owners is due to insufficient wealth or because they are too young and unwilling to
save enough to buy a house. However, the data tells a different story. In fact, age, income
and wealth can account for only a small share of the cross sectional variation in housing
behavior. Hence, the standard model is limited in its ability to capture the way decisions
are made in the housing markets. The evaluation of housing market policies based on
such models might therefore be misleading.

We study the role of financial literacy in housing markets. First, we show that financial
literacy is a dimension of household heterogeneity that matters for housing outcomes. Ex-
ploiting a novel feature of the recent Survey of Consumers Finances (SCF), we document a
robust relationship between self-assessed financial literacy and behavior in housing mar-
kets. The basic stylized fact is that households reporting higher levels of financial literacy
are 1) more likely to own a house rather than rent one, and 2) tend to take on more levered
positions to finance their house. The relationship is economically meaningful even after
controlling for the potential confounding factors - e.g. education, income, wealth, age,
gender, degree of risk aversion, usage of financial intermediaries, etc.

Following the empirical findings, we then ask what are the channels through which
financial literacy matters for housing tenure and leverage. We consider two main candi-
dates. First, households reporting higher levels of financial literacy might search for bet-
ter deals in the credit markets, thereby paying lower interest rates on their mortgages and
facing laxer down-payment requirements. Second, expectations on future house prices
might be important. More literate households might expect different risk-return trade-
offs in the housing market due to access to better property deals.

To examine the role of these channels for the observed empirical patterns, we solve a
standard heterogeneous life-cycle model of portfolio choice with housing. As we cannot
observe households beliefs on future house prices nor the mortgage contracts they engage
in, a structural model is in place. The key new feature in the model is that we allow for
heterogeneity along the dimension of self-assessed financial literacy. First, households
may face different mortgage terms, appealing to the possibility that financially literate
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households search and negotiate for cheaper and larger credit. We model heterogeneity
in mortgage terms by allowing both the mortgage spread and the down-payment require-
ment to differ across households. Second, households with higher self-assessed financial
literacy may have access to better investment opportunities in housing markets, due to
,e.g., sophisticated search skills. We model this form of heterogeneity by allowing both
the mean return and volatility of the distribution from which future house values are
drawn to differ by literacy.

While there might be additional potential channels that can rationalize our empir-
ical findings, we focus on those which are more intuitive and are arguably the most
important for housing outcomes. Introducing heterogeneity along the mortgage terms
households face and the expectations they have on future house values allows the model
to overwhelmingly account for the stylized facts. As in the data, model-implied home-
ownership rates and loan-to-value ratios are increasing with self-assessed financial knowl-
edge, after controlling for income, wealth and age. By fitting the data, our model suggests
that heterogeneity in mortgage terms and in expectations on future house prices can in-
deed account for the link between self-assessed financial literacy and housing outcomes
that is evident in the data.

To implement the model quantitatively, we use SCF micro data on balance sheets, in-
come, and demographic characteristics of a representative sample of U.S. households.
Following the meaningful variation apparent in the data, we categorize households into
three types by their self-assessed financial knowledge: low, intermediate and high. The
estimation needs to identify four groups of parameters: 1) mean expected return on the
housing asset, 2) expected volatility of this return, 3) down-payment constraints, and 4)
mortgage spreads. To accommodate for heterogeneity in financial literacy, each group
of parameters consists of a tuple of three. We estimate the parameters by applying a
Simulated Method of Moments (SMM) design. The data moments we use are house own-
ership and loan-to-value (LTV) ratios across the three groups of literacy and across three
age groups of households: young, middle-aged and old. We also estimate the discount
factor in order to match the aggregate wealth-to-income ratio in the economy.

We find that households who self-assess themselves as more literate face laxer con-
straints in the credit markets - they pay a lower spread when borrowing against the value
of their house, and are required to a lower down-payment on their mortgage. More liter-
ate households also face better risk-return trade-offs in the housing market - the Sharpe
ratio of the housing asset is increasing with financial literacy, suggesting that more liter-
ate households engage in better investment deals. On average, our estimates suggest that
differences in credit markets are quantitatively more important for explaining why house-
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holds with higher levels of self-assessed financial literacy are more likely to own a house
and tend to take on higher leverage. The empirical analysis points out that differences in
ownership rates are more stark across literacy groups, compared to differences in loan-
to-value ratios. The estimation therefore uses the literacy types to mostly accommodate
for the differences in home-ownership. For this, credit constraints are more important
than expectations on future prices. Laxer credit constraints matter more for ownership
decisions, while expectations matter more for leverage.

The quantitative exercise illustrates how the role of financial literacy varies across the
life cycle. By alternatively allowing for only one of the two channels of heterogeneity,
we show that households who self-assess themselves as more financially sophisticated
tend to be better at those parts of the transaction that are more relevant to them. At the
beginning of life, when mortgage terms matter more for housing decisions, those with
higher levels of self-assessed literacy manage to search for lower mortgage spreads and
down-payment requirements. Later on, when returns on housing are more relevant, they
make deals with better risk-return trade-offs.

A main result of our analysis is that incorporating financial literacy heterogeneity in
an otherwise standard housing portfolio choice model matters for evaluating housing
market policies. Housing demand elasticity with respect to wealth is downsized by ap-
proximately 40% when taking financial literacy into consideration. To see this, we com-
pare our model to a benchmark model in which heterogeneity in financial literacy plays
no role. That is, we estimate the model while restricting housing market parameters to be
equal across the reported levels of literacy. This allows us to quantitatively evaluate the
cost of abstracting from the role financial literacy plays in housing markets.

The benchmark estimation targets the average home-ownership rate and loan-to-value
ratio across the three age-groups. While this benchmark model can fit the targeted aggre-
gate life cycle dynamics of both housing tenure and leverage, ignoring the role of financial
literacy introduces substantial biases in the evaluation of housing market policies. We
compute the aggregate housing demand elasticity to a wealth shock with and without
financial literacy heterogeneity. This echoes debated policies that are designed to incen-
tivize house ownership. A 10% increase in the wealth of young households leads to a
10% increase in housing demand in the benchmark model, but only to a 6.4% increase in
housing demand in the heterogeneous agent model. Similarly, a 10% wealth shock tar-
geted at the young and poor households leads to a 20% increase in housing demand in the
benchmark model, but only to a 11% increase in housing demand in the heterogeneous
agent model. Evaluating the effect of housing market policies to encourage ownership
therefore crucially depends on whether or not heterogeneity in financial literacy is taken
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into account.
The underlying reason for this discrepancy is the following. While the benchmark

model is able to match the life cycle dynamics of housing tenure and leverage, this comes
at an overlooked cost. By ignoring the observed heterogeneity in financial literacy, the
model over-estimates the correlations between housing outcomes and wealth and age.
The benchmark model matches life cycle housing moments using the wrong mechanism
- it underestimates the large variability in ownership and leverage within wealth and age
bins as it appears in the data. Indeed, when a wealth shock hits, households with the
same wealth and age adjust their demand for housing in the same fashion. By incor-
porating heterogeneity in the observed literacy dimension, the heterogeneous model is
able to significantly reduce the correlation between ownership and wealth and age. Since
households of different literacy types face different mortgage terms and have different
expectations on future house prices, they now respond differently to a wealth shock. For
example, the elasticity of housing demand with respect to wealth is lower for low literacy
types since the credit constraints they face are more strict. The effect of a wealth shock in
the heterogeneous agent model is therefore mitigated.

Indeed, adding a new source of heterogeneity in any dimension will mechanically re-
duce the excessive correlations between wealth and housing outcomes that is generated
by the benchmark model. To what degree does heterogeneity in a certain dimension mat-
ter for housing markets is therefore a quantitative question. Our policy experiment sug-
gests that self-assessed financial literacy plays an important role in the housing markets
and should hence be incorporated in housing choice models.

This paper is the first to study the role of financial sophistication in the housing mar-
kets. Optimal portfolio choice models have increasingly highlighted the role of financial
literacy in the stock markets as a source of heterogeneity that can help solve traditional
household finance puzzles. Lusardi, Michaud and Mitchell (2017) shows that incorpo-
rating financial literacy in an otherwise classic stochastic consumption-savings life cy-
cle model enhances its ability to generate the substantial wealth inequality observed in
the data. Other studies relate financial literacy to stock market participation (Van Rooij,
Lusardi and Alessie (2011)), diversification (Guiso and Jappelli (2008)) and performance
in financial markets (Campbell, Ramadorai and Ranish (2013), Hackethal, Haliassos and
Jappelli (2012), Calvet, Campbell and Sodini (2009)). We provide first evidence that finan-
cial literacy is also important in the housing markets. We then show that this relationship
is quantitatively important for evaluating housing market policies.

More broadly, we point to an important limitation of the standard life-cycle models of
portfolio choice with housing. These models were originally developed by Campbell and
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Cocco (2003), Cocco (2004) and Yao and Zhang (2004) and have since been used to evalu-
ate housing market policies. For example, Li, Liu and Yao (2009) analyze how changes in
lending conditions affect households decisions, and Bajari et al. (2013) predict how severe
a housing bust is expected to be. Our paper shows that in order to precisely measure
the way households respond to changes in the housing market, we should incorporate
heterogeneity in financial literacy to the standard model.

Our paper relates to the a large literature on the role of credit conditions in housing
markets. Mian and Sufi (2009), Mian and Sufi (2011) and Di Maggio and Kermani (2017)
provide empirical evidence that laxer credit conditions inflate house prices via increased
demand for housing. Other studies (e.g. Landvoigt, Piazzesi and Schneider (2015), Kiy-
otaki, Michaelides and Nikolov (2011)) calibrate life cycle models in order to assess the
significance of cheap credit in a general equilibrium framework. Our paper suggests that
credit conditions are not homogeneous across households. Low financial literacy types
face tighter constraints and pay a larger spread on their mortgage. This in turn translates
to a lower elasticity of housing demand with respect to wealth.

With respect to the role of expectations in housing markets, several papers have used
surveys to measure expectations on future house prices. Notably, Case, Quigley and
Shiller (2003) shows that the expectations of home buyers in the U.S. are largely affected
by recent experience. Following a house-boom, households expect large price apprecia-
tions and low levels of risk. Piazzesi and Schneider (2009) show that even at the height of
the boom there are households who believe it is a good time to buy a house because house
prices will rise further. Several papers have studied the role of expectations in shaping
behavior in housing markets1. Our paper contributes to this literature by showing that
households who are more literate than others might hold different expectations on future
house prices, e.g. due to sophisticated search skills. Our quantitative analysis suggests
that expectations can be elicited based on observable literacy types.

A contribution of this paper is to highlight the relevance of self-assessed financial lit-
eracy in the housing markets over traditional measures of literacy. Most of the literature
relating financial sophistication to economic behavior has solely focused on testable mea-
sures of literacy, most prominently surveys measuring the ability of respondents to an-
swer simple questions with respect to inflation, interest rates, and diversification. While
these methods arguably capture a dimension of financial literacy, it is unclear whether
people make choices based on their success in such tests2. In fact, our data shows that

1Examples include Burnside, Eichenbaum and Rebelo (2011), Glaeser, Gottlieb and Gyourko (2012) and
Glaeser and Nathanson (2017).

2In fact, respondents typically do not receive feedback on their answers. Therefore they do not neces-
sarily know how literate they actually are.
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this is not the case. The relationship between such measures and house tenure decisions
dissipates once we control for observed demographic characteristics. On the contrary, our
novel measure of self-assessed literacy is a remarkably powerful and robust predictor.

There are two possible ways to reconcile why self assessed literacy matters for housing
outcomes. First, respondents might be better at evaluating their own literacy level. If this
is the case, rather than presenting respondents with somewhat arbitrary questions on in-
flation and interest rates, we should simply ask them to self-assess their literacy. Second,
self-assessed financial literacy might measure the degree of self-confidence in financial
markets, which in turn can be important for how households behave in the housing mar-
kets. For example, households who self-assess themselves as highly literate might have
over-optimistic beliefs on the risk-return trade-off they face in the housing markets and
therefore tend to own and lever more. Our quantitative results suggest that this mecha-
nism alone cannot underlie the empirical patterns. While the estimation strategy cannot
distinguish between heterogeneous beliefs on future housing returns and heterogeneity
in the fundamental distribution of returns, we show that heterogeneity in fundamental
mortgage terms is crucial to match the stylized facts. That is, self-assessed financial lit-
eracy is in fact a proxy for literacy itself. This is important for future work studying the
relationship between financial literacy and economic behavior.

The paper proceeds as follows. Section 2 presents the stylized facts relating self-
assessed financial knowledge to housing market outcomes. Section 3introduces a het-
erogeneous agent life-cycle model of optimal portfolio choice with housing. Section 4
discusses the Simulated Method of Moments estimation approach. Section 5 discusses
the estimation results, while Section 6 evaluates the costs of abstracting from heterogene-
ity in financial literacy. Section 7 concludes.

2 Empirical Results on Self-Assessed Financial Literacy

We begin by documenting some patterns in survey data. The 2016 SCF wave offers a
novel approach to measuring financial literacy and relating it to economic behavior. To
the best of our knowledge, this is the first population representative sample to measure
self-assessed financial literacy. The 2016 wave asks respondents the following:

“On a scale from zero to ten, where zero is not at all knowledgeable about personal
finance and ten is very knowledgeable about personal finance, what number would
you (and your partner) be on the scale?”

Figure 1 plots the SCF data on self-assessed financial literacy and housing market out-
comes - the proportion of households who own a house (left panel) and the ratio of col-
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lateralized debt to house value for home owners (right panel). The basic stylized fact is
that households who self-assess themselves as more financially literate are 1) more likely
to own a house and 2) tend to take a more levered position on their house.
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Figure 1: Self-Assessed Financial Literacy in the Housing Markets

Notes: SCF data. Each dot is a weighted average of households that self-assess their financial knowledge on a scale of 0-10. House
ownership measures whether or not the household owns a ranch/farm/mobile home/house/condo. The Loan-To-Value ratio is
computed for home owners as the ratio of housing collateralized debt to house value. Lines are kernel-weighted local polynomial
regressions. 95% confidence intervals are plotted. Standard errors are computed using the “scfcombo” Stata package in order to
account for the SCF complex sample specification as well as the multiple imputation process.

How should we interpret this new measure of financial literacy? To address this ques-
tion, Table 1 provides descriptive statistics for three groups of households: those who
assess their financial literacy to be low (0-4 on scale), intermediate (5-7) and high (8-10)3.

First, households who report higher levels of financial literacy might indeed be more
literate. As this table illustrates, they are more educated, they score higher grades in fi-
nance related questions4, and are more likely to consult with financial advisers. Second,
self-assessed financial literacy might simply measure the degree of self-confidence in fi-
nancial markets. Indeed, households with higher levels of self-assessed financial literacy

3While our results are robust to the exact pooling of households into groups, the data suggests a signifi-
cant intra-group variation in outcomes, larger than the inter-group variability

4The grade is computed as the number of correct answers to the following questions: 1) Imagine that the
interest rate on your savings account was 1% per year and inflation was 2% per year. After 1 year, would
you be able to buy more than today, exactly the same as today, or less than today with the money in this
account? 2) Suppose you had $100 in a savings account and the interest rate was 2% per year. After 5 years,
how much do you think you would have in the account if you left the money to grow: more than $102,
exactly $102, or less than $102? 3) Do you think that the following statement is true or false: buying a single
company’s stock usually provides a safer return than a stock mutual fund?
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are willing to take on more risk and tend to participate more in the stock markets.
With respect to demographic characteristics, households who self-assess their literacy

to be higher than others are more likely to be males and tend to be wealthier.
One concern with this literacy measure is that it is simply a linear combination of other,

already observed, household characteristics. To alleviate these concerns, we treat self-
assessed financial literacy as the dependent variable in an OLS regression model where
all the outcomes from Table 1 serve as predictors. The R2 from this regression is only 0.1
– suggesting that financial literacy is a meaningful measure over and above its relation
with other observables.

We now argue that self-assessed financial literacy is an important and robust predic-
tor of house ownership and loan-to-value ratios. That is, the relationship illustrated in
Figure 1 is not due to potential confounders. To establish this argument, we examine the
linear cross-sectional relationships between self-assessed financial literacy and the hous-
ing market outcomes. We specify the following linear model:

Yi = βlowFKlow,i + βhighFKhigh,i + ΓXi + εi (1)

where Yi is the outcome of interest, FKlow,i is an indicator equal to one in case the
household reports its financial literacy to be low (0-4 on the 0-10 scale), and FKhigh,i is the
equivalent for household that assess their financial literacy to be high (8-10 on the scale).
The omitted group consists of the intermediate literacy types. The vector of covariates
Xi consists of an age polynomial, education attainment levels, a gender dummy, total
wealth and income, self-assessed risk preference, the traditional measures of financial
literacy and dummies for usage of financial advisers when investing and borrowing. εi is
the normally distributed error term 5.

Table 2 reports the main results. Consistent with Figure 1, the first (second) column
depicts the unconditional positive correlation between financial literacy and home own-
ership (LTV). As illustrated in the figure, differences in ownership rates are more stark
than differences in loan-to-value ratios. Households who report high levels of financial
literacy are more likely to own a house relative to those who place themselves in the in-
termediate range (the change in odds ratio is 1.64), which are in turn more probable to be
owners relative to those belonging to the low category (by an estimated change in odds
ratio of 2.24). In terms of LTV, there doesn’t seem to be much difference between the high

5In order to account for both the multiple imputation process and the dual-frame complex sample which
are features of the SCF data, standard errors are computed using the “scfcombo” Stata package.
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Table 1: Descriptive Statistics

Dependent Variable
Low FL Intermediate FL High FL

A. Demographics

Age 51.80
(16.8)

50.77
(16.2)

54.47
(16.4)

Gender 0.62
(0.48)

0.71
(0.45)

0.74
(0.44)

Income 48, 867
(132,113)

68, 203
(64,066)

78, 564
(79,444)

Wealth (log) 10.00
(2.64)

11.15
(2.11)

11.72
(2.00)

Education Level 2.26
(1.07)

2.79
(1.03)

2.87
(1.02)

B. Financial Indicators

Financial Literacy Score 1.86
(0.88)

2.12
(0.87)

2.24
(0.84)

Self-Assessed Financial Risk 2.79
(2.66)

4.09
(2.53)

4.37
(2.87)

Use of Adviseries: Borrowing 0.40
(0.49)

0.52
(0.50)

0.59
(0.49)

Use of Adviseries: Investing 0.44
(0.50)

0.58
(0.49)

0.63
(0.48)

Stock Market Participation 0.28
(0.49)

0.52
(0.50)

0.55
(0.49)

Equity Share of Financial Assets 0.44
(0.31)

0.43
(0.29)

0.43
(0.28)

Number of Stocks Held 0.48
(1.90)

0.78
(3.43)

1.58
(6.22)

Number of Observations 2, 168 10, 083 12, 136

Notes: Households are divided into three groups according to their self reported financial knowledge: Low (0-4 on scale), intermediate
(5-7) and high (8-10). Income is the sum of wage income, income from retirement and social security funds, from self managed
businesses and transfers. Gender is defined as proportion of males. Total wealth is defined by the SCF as the balance between total
assets and total debt. The education level is a categorical variable that ranges from 1 (no high-school) to 4 (academic degree). Financial
literacy is measured as the number of correct answers to the three questions specified in footnote 4. Self assessed financial risk is
reported by households on a 0-10 scale, where 0 is “not at all willing to take financial risk”. Use of financial advisories is a dummy
equal one if the households reports using advisers when borrowing/investing. Stock market participation is an indicator equal to one
if the household has equity in directly held stocks or mutual funds. Equity share is the ratio of equity to total financial assets. Capital
gains are the nominal dollar gains on directly held stocks and mutual funds. Number of stocks measures the number of different
directly held stocks in a household’s portfolio.
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and intermediary literacy types. Conditional on owning a house, the loan-to-value ratio
of low types is 7.9% lower than that of the benchmark intermediate group.

Columns 3-4 then add the demographic controls, as well as education attainment lev-
els6. Indeed, the magnitude of the relationship between self-assessed financial literacy
and housing outcomes is weakened. However, the coefficients βlow and βhigh are still
economically and statistically significant. To interpret the sizable coefficients, the inter-
mediate literacy households are 48% more likely to own a house with respect to low
literacy types and are 24% less likely be home owners relative to the high types. This sug-
gests that financial literacy is a source of heterogeneity that is economically meaningful
for ownership and leverage over and above its relation to age, wealth, income, education
and gender.

In columns 5-6 we also control for the usage of financial intermediaries and for the
ability of households to answer finance related questions on inflation, interest rates and
diversification. If self-assessed literacy and the traditional test-based measures of literacy
are equivalent measures of sophistication, we should expect βlow and βhigh to converge to
zero. Not only is this not the case, but rather the test-based measures are not as powerful
in predicting home ownership as the self-assessed measure. The way people evaluate
their own knowledge matters for housing market outcomes. This is important for future
work studying the relationship between financial literacy and economic behavior. Finally,
in columns 7-8 we also control for households willingness to take risk. If self-assessed fi-
nancial literacy simply proxies for over-confidence, this should be captured by the degree
to which households are happy to take risk. The results show that this is not case.7.

While we are not claiming to identify a causal relationship between self-assessed fi-
nancial literacy and housing outcomes, Table 2 does suggest that self-assessed financial
literacy is an economically important and robust predictor of house ownership and loan-
to-value ratios8. Households that see themselves as more financially literate are more
likely to own a house, and take on larger mortgages.

6We also control for wealth quartiles and an age polynomial.
7To further alleviate such concerns, our results are practically unchanged when we also control for par-

ticipation in the stock market and for equity shares.
8For robustness, we consider additional variations of the regression Equation 1, including incorporating

the continuous version of our literacy measures and interacting this measure with other control variables
to allow for differential relationships with respect to housing market outcomes. Results are quantitatively
similar. These results are also robust to the way we divide households into literacy categories.
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Table 2: Prediction Regressions: Self-Assessed Financial Literacy in the Housing Markets

(1) (2) (3) (4) (5) (6) (7) (9)

H.Own. LTV H.Own. LTV H.Own. LTV H.Own. LTV

Self-Ass. Fin. Lit.

Low −0.805∗∗∗
(0.085)

−0.079∗∗
(0.316)

−0.392∗∗∗
(0.142)

−0.051∗∗∗
(0.022)

−0.402∗∗∗
(0.143)

−0.047∗∗∗
(0.22)

−0.446∗∗∗
(0.143)

−0.048∗∗∗
(0.21)

High 0.494∗∗∗
(0.051)

−0.025∗∗
(0.011)

0.217∗∗
(0.088)

0.011
(0.009)

0.208∗∗
(0.090)

0.008
(0.009)

0.220∗∗
(0.090)

0.005
(0.009)

Educ. Level

High-School −0.049
(0.130)

0.037∗∗
(0.016)

−0.074
(0.132)

0.032∗∗
(0.017)

−0.084
(0.132)

0.024∗∗
(0.014)

Some College −0.215
(0.131)

0.064∗∗∗
(0.017)

−0.229∗
(0.131)

0.056∗∗∗
(0.017)

−0.220∗
(0.131)

0.037∗∗
(0.015)

Bachelors+ −0.619∗∗∗
(0.158)

0.103∗∗∗
(0.019)

−0.655∗∗∗
(0.164)

0.090∗∗∗
(0.019)

−0.623∗∗∗
(0.165)

0.052∗
(0.016)

Age 0.043∗∗∗
(0.011)

−0.001
(0.001)

0.042∗∗∗
(0.011)

−0.002
(0.002)

0.043∗∗∗
(0.011)

−0.01∗∗∗
(0.002)

Male 0.146
(0.101)

0.000
(0.011)

0.130
(0.102)

−0.004
(0.011)

0.155
(0.104)

−0.012
(0.01)

ln(wealth) 1.209∗∗∗
(0.117)

−0.105∗∗∗
(0.015)

1.210∗∗∗
(0.118)

−0.109∗∗∗
(0.015)

1.220∗∗∗
(0.118)

−0.0104
(0.013)

ln(income) −0.119∗
(0.069)

0.160∗∗∗
(0.006)

−0.122∗
(0.071)

0.157∗∗∗
(0.006)

−0.121∗
(0.071)

0.119
(0.006)

Fin. Lit. Questions

Inflation 0.218
(0.182)

−0.042∗
(0.023)

0.207
(0.184)

−0.045∗∗
(0.022)

Interest Rate 0.124
(0.173)

−0.073∗∗∗
(0.024)

0.121
(0.175)

−0.066∗∗∗
(0.023)

Diversification 0.116
(0.198)

−0.062∗∗
(0.026)

0.123
(0.202)

−0.073∗∗∗
(0.026)

Ad. Borrowing 0.318∗∗∗
(0.079)

0.027∗∗∗
(0.010)

0.328∗∗∗
(0.079)

0.008
(0.008)

Ad. Investing −0.222∗∗∗
(0.073)

−0.002
(0.008)

−0.205∗∗∗
(0.073)

0.007
(0.008)

Self. Ass. Fin. Risk −0.051∗∗∗
(0.013)

0.007∗∗∗
(0.002)

Observations 24, 112 15, 007 24, 112 15, 007 24, 112 15, 007 24, 112 15, 007

R2 0.055 0.048 0.414 0.384 0.417 0.389 0.418 0.489
Notes: House ownership measures whether or not the household owns a ranch/farm/mobile home/house/condo. The Loan-To-Value
ratio is computed for home owners as the ratio of housing collateralized debt to house value. *** is significant at 1%; ** is significant at
5%; * is significant at the 10% level. Standard errors are computed using the “scfcombo” Stata package in order to account for the SCF
complex sample specification as well as the multiple imputation process. The explanatory variables are self-assessed financial literacy
(low, high), education level(high school, some college, bachelors), age, gender, ln(wealth), ln(income), financial literacy questions
(inflation, interest rate, diversification), use of adviseries (borrowing, investing) and self-assessed financial risk.
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3 Model

Motivated by the empirical patterns, we now ask what are the channels through which
financial literacy matters for housing tenure and leverage. We consider two intuitive can-
didates. First, households reporting higher levels of financial literacy might search for bet-
ter deals in the credit markets, thereby paying lower interest rates on their mortgages and
facing laxer down-payment requirements. Second, expectations on future house values
might be important. More literate households might expect different risk-return trade-
offs in the housing markets due to access to more beneficial property deals. While there
might be additional potential channels that can rationalize our empirical findings, we
focus on those which are arguably the most important for housing outcomes. To exam-
ine the role of mortgage terms and expectations on future returns, we solve a standard
heterogeneous life-cycle model of portfolio choice with housing.

3.1 Household Problem

Households live for a finite number of discrete periods t = 0, ..., T, with a probability of
survival from period t− 1 to period t of λt, and λT+1 = 0. Household i enters the model
with an innate level of financial literacy fi which is the key new feature of this study.
Our models abstracts from the possibility that financial literacy might evolve throughout
life as a result of different experiences in financial markets. While this is an interesting
avenue, it also requires making assumptions on the way in which such literacy is accu-
mulated 9.

Income Process

As in standard models, household face idiosyncratic income shocks. In each period until
retirement at age t = Ret households are endowed with labor income Yt that follows an
exogenous stochastic process. Following retirement, the household receives a constant
fraction θRet of its last labor income YRet. Following Cocco, Gomes and Maenhout, 2005,
the income process is given by:

logYt =

 f (t) + logYt + logŶi
t + ut t ≤ Ret

log(θRet) + f (Ret) + logYRet + log ˆYi
Ret t > Ret

(2)

9We assume financial literacy constant throughout life since, in our simulation exercise, every household
is simulated only 1 period. This is explained in detail in section 4.3.1.
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where f (t) is a deterministic life cycle profile and ut is an idiosyncratic temporary
shock distributed as N(0, σ2

u). Yt and Ŷi
t are the aggregate and idiosyncratic components

of income, both following a random walk in logs:

logYt = logYt−1 + εt

logŶi
t = log ˆYi

t−1 + ε̂i
t

where εt is distributed N(0, σ2
ε ) and ε̂i

t is distributed N(0, σ2
ε̂ ) . The shocks εt, ε̂i

t, ut are
uncorrelated. These assumptions allow us to denote the permanent shock to income as:

εŶ
t = εt + ε̂i

t ∼ N(0, σ2
Ŷ
).

Preference

Households choose the amount of housing services St and the numeraire Ct to be con-
sumed each period in order to maximize lifetime utility given by:

E0

{
T
∑

t=0
βt

[
t

∏
j=0

λjλt+1u(Ct, St)+
t

∏
j=0

λj(1− λt+1)Dt

]}
where Dt is the bequest utility in case of death. The per period utility u(Ct, St) is

assumed to be strictly increasing and concave in both Ct and St. Households can consume
housing services in two ways: either by renting or by owning a house. Denote by τt ∈
{0, 1} the tenure choice at period t, with τt = 1 indicating ownership. A house of quality
Ht provides housing services according to the technology10:

St = Ht

The functional form of the per-period utility function is the standard Cobb-Douglas:

u(Ct, St) =

[
Cρ

t S1−ρ
t

]γ

1−γ

where γ is the relative risk aversion parameter and ρ measures the intra-temporal substi-
tution between housing and other consumption goods. The bequest utility Dt is a func-
tion of total wealth at the conclusion of period t, Wt, as well as house prices:

Dt(Wt, Pt) =
D(Wi

t /Pρ
t )

1−γ

1−γ

where D mediates the importance of bequest motives relative to other consumption.
The functional form of the bequest function is chosen to ensure value function homogene-
ity.

10Many models of portfolio choice with housing incorporate an age-dependent preference for tenure
which is driven by exogenous forces such as uncertainty regarding changes in workplace and household
size. Following Landvoigt (2017) we also solve a specification of the model where St = φ(τt, t)Ht and
φ(τt, t) = 1 + (1− τt)e−κt. κ then regulates the age-dependent preference to own. Since our baseline model
fits the housing market data patterns, we proceed without incorporating an age-dependent preference.
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House Quality and Prices

Houses serve not only as a consumption good but also as an asset that the households
can save in. Each quality unit of the housing asset sells for a price of Pt, and can be rented
for a price of Pr

t in the rental market. For simplicity, we assume the rental price is pegged
to the selling price, that is Pr

t = αPt. Aggregate shocks to the economy are captured by
innovations to the per-unit price Pt which follows a random walk in logs:

GP
t = Pt

Pt−1
= exp{εP

t }

where εP
t ∼ N(dP, σ2

P) and dP is the deterministic drift in log house price growth. We
assume that the vector of innovations to permanent income and house prices (εŶ

t , εP
t ) is

independent across time with a variance matrix of:

Var(εŶ
t , εP

t ) =

[
σ2

Ŷ
σŶP

σŶP σ2
P

]
.

Aggregate shocks to house prices might hence be contemporaneously correlated with
permanent shocks to income. The quality of an owner-occupied home Ht is itself stochas-
tic and evolves according to the idiosyncratic process:

Ht+1 = Qi(Ht) = (1 + gi,t+1)Ht

where gi,t ∼ N(µ( fi), σ2( fi)) is i.i.d across time. The house quality evolution depends
on the financial sophistication of the household that owns it. Households with higher
self-assessed financial literacy may have access to better investment opportunities in the
housing markets, due to ,e.g., sophisticated search skills. We model this form of hetero-
geneity by allowing both the mean return and volatility of the distribution from which
future house values are drawn to differ by literacy.

Collateral Constraints and Default

Households are allowed to save Bt in a risk free asset which generates R units of return
at t + 1 for each unit of the numeraire saved in t. When borrowing households pay a
financial-literacy dependent interest rate spread of $( fi) > 0 appealing to the possibility
that financially literate households search and negotiate for cheaper credit. Households
also face an idiosyncratic collateral constraint:

Bt ≥

0 τt = 0

− [1− δ( fi)] PtHt τt = 1
.
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Thus only house owners can borrow against the value of their house, and can finance
their purchase up to a ratio of (1− δ( fi)) of the value of their house. The down-payment
requirement can vary across different levels of financial literacy, alluding to the possibility
that financially literate households might have access to larger credit. Households do not
have an option of defaulting upon their mortgage. The choice of modeling mortgages
as non-contingent debt relies on the fact that defaults are very rare in that data. Strictly
speaking, default seems an important feature for models studying the Great Recession
dynamics, but not for the long run steady state which we focus on.

Budget Constraints

When specifying the budget constraint we distinguish between two cases: households
who have previously rented a house at period t− 1, and those who previously owned a
house.

Case 1: Previous Renters

The budget constraint for a household who was renting in period t− 1 is given by:

Ct + Bt + PtHt

{
(1− τt)α + τt (1 + ψ)

}
= RBt−1 + Yt (3)

where ψ accounts for the proportional maintenance cost ψPtHt that an owner must pay
every period to offset depreciation. This household enters the period with wealth equal
to accrued savings RBt−1 and contemporary income Yt. It chooses how much to consume,
how much to save in bonds, whether or not to purchase a house (in which case it can also
borrow), and which quality of housing to consume.

Case 2: Previous Owners

Previous owners gets to choose whether or not to sell their house, in which case they
can buy or rent a different quality of housing. If it chooses to sell, it pays a proportional
transaction cost νPtHt. We denote the decision of whether to sell or not by ξt = {0, 1}
where ξt = 1 indicates selling. A previous owner faces the following budget constraint:

Ct + Bt + ξtPtHt {(1− τt)α + τt(1 + ψ)}+ PtQi(Ht−1) [(1− ξt)ψ + ξtν] =

[
Rt + 1{Bt−1<0}$( fi)

]
Bt−1 + Yt + PtQi(Ht−1) (4)
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Finally, previous owners might be forced to sell their house. The model implementa-
tion consists of an age-dependent exogenously specified moving shock Mt, where Mt = 1
indicates that the household is forced to moved. We incorporate this feature to capture
life-cycle shocks to the household which are not captured by the model and induce selling
the house and adjusting quality, whether it is through the owner-occupied market or the
rental market.

Bellman Equations

The recursive nature of the problem allows us to state it in terms Bellman equations.
Denote Xt =

{
fi, Wt, Pt, τt−1, Qt, Ŷt, Mt

}
the tuple of state variables. In addition, denote

Zt = {τt, Ht, Ct, Bt, ξt} the choice variable tuple. The following problem specifies the
household value function at t < Ret− 111:

Vt( fi, Wt, Pt, τt−1, Qt, Ŷt, Mt) = λt

{
max

Zt
u(Ct, St)

+βEi
t[Vt+1( fi, Wt+1, Pt+1, τt, Qt+1, Ŷt+1, Mt+1)]

}
+ (1− λt)D(Wt, Pt)

(5)

where Ŷt = YtŶi
t is the permanent income component. The problem is subject to the

collateral constraint:

Bt ≥

0 τt = 0

− [1− δ( fi)] PtHt τt = 1
. (6)

The budget constraint is:

Wt = Ct + Bt + PtHt[(1− τt)α + τt(1 + ψ)] τt−1 = 0

Wt = Ct + Bt + (1− ξt)ψPtQi(Ht−1)... τt−1 = 1

... + (1− ξt)PtQt (1− ν) + ξt [PtHt {(1− τt)α + τt(1 + ψ)}

. (7)

Finally, the evolution of the endogenous state variables, total wealth and house qual-
ity, is given by:

Wt+1 = (R + 1{Lt<0}$( fi))Bt + (1− ν)Pt+1Qt+1 + Yt+1

Qt+1 = τtQi(Ht) = τt(1 + gi,t+1)Ht
.

11The Bellman equations for t ≥ Ret− 1 are given in Appendix B
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The above can be solved by employing standard dynamic programming methods. In
order to reduce the state space dimensionality and efficiently compute the policy func-
tions, Appendix B presents a transformed and equivalent problem. The solution relies on
the homothetic nature of the problem.

3.2 Discussion

A solution to the model yields optimal housing choices for households with a given in-
come, wealth, age, and self-assessed financial literacy. Notably, we do not model the sup-
ply side of the economy or solve for equilibrium prices in the housing markets. Instead,
our goal is to infer the role of expectations and credit conditions in shaping house tenure
and leverage choices. In any competitive equilibrium, households take current house
prices as given. Thus, inferring expectations over future house values as well as current
credit markets fundamentals from observed choices in data is a well-defined exercise.

Optimal Choices

Which households choose to own in the model? Under complete markets (i.e. absent of
collateral constraints) the choice of tenure is independent of the house quality choice. That
is, the household problem can be solved in two steps. First, households decide whether to
live in an owner occupied or rental house. Independently, they also decide on the quality
of their home. The reason is simply that each household, regardless of its wealth, can both
purchase and rent any house it likes. With no borrowing constraints, purchasing a high-
quality house simply means taking on larger debt. Facing this non-segmented housing
markets, the decision to own versus rent is based solely on a comparison between the
per-unit user cost – the cost of buying one quality unit of housing and selling it after one
period – and the per-unit rental cost. In terms of our housing market parameters, this is
more likely when the risk-return trade off is higher (that is, when µ is larger and σ lower)
and when the mortgage spread $ is smaller.

In the presence of collateral constraints, this is no longer the case. Poor and middle-
income households cannot afford high quality homes. They therefore face a segmented
housing market - they can rent high value houses but can own only lower quality ones.
Since home-owners are required to supply at least the down-payment on the house value,
these are households who also like to save. In the model, these are households that face a
downward slopping income profile or are sufficiently wealthy - typically the older house-
holds. Once a house is purchased, transaction costs make it harder to adjust the size of
the house later in life, leading to inertia in housing choices.
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In the absence of collateral constraints, young households would optimally take a
short position in the safe asset. For these households, it is optimal to offset their riskless
future income by borrowing in the risk-less bond. However, with collateral constraints
this is possible only to the extent that households own a house. The minimum down-
payment requirement δ and mortgage spread $ therefore play an important role in the
extensive margin decision of ownership. For those deciding to own, the expected risk-
adjusted return µ

σ plays an important role in determining the amount of leverage to take
on the house. The higher the Sharpe ratio is, the more levered home-owners tend to be.
To sum, for ownership credit constraints are more important than expectations on future
returns . Expectations matter more for leverage.

Finally, in order to match moving rates as observed in data, we add age-dependent
moving shocks, Mt, appealing to the fact that home owners might sell their house due to
non-financial forces such as job re-allocations.

4 Calibration and Estimation

4.1 Data

In order to estimate the channels through which self-assessed financial knowledge trans-
lates into behavior in the housing markets, we use the 2016 cross-section of the SCF. The
survey data include information on balance sheets, income, and demographic characteris-
tics of a representative sample of U.S households. As discussed in Section 2, the measure-
ment of self-assessed financial knowledge was first introduced to the 2016 questionnaire,
limiting us to the use of this particular wave. We use the summary extract public data of
the SCF and focus on families for which the head of household is aged between 25 and 80,
the time period considered in our model. Total wealth is defined by the SCF as the balance
between total assets (financial and non-financial) and total debt, coded as “networth”. We
omit households with total net-worth larger than 7 million dollars. Our model is not suit-
able for describing the life-cycle wealth dynamics of rich households who rely much more
on stock market capital gains and non-traditional retirement income sources. Applying
the SCF sampling weights, these households consist of about 11% of effective observa-
tions12. We define total labor income as the sum of wage income, income from retirement
and social security funds, income from self managed businesses and transfers from other
sources. We use the variable “houses” as the value of the house (for owners) which is de-
fined by the SCF as the value of the primary residence. Mortgage debt for house owners

12Abstracting from the stock market in the model thus seems reasonable for the lower 90% of households.
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is coded by the SCF as “mrthel” and includes all forms of debt which are collateralized
against the value of the house. Self assessed financial knowledge is measured by “knowl”
and is categorized into three groups, as discussed in section 2.

4.2 Calibration

Table 3 shows the calibrated model parameters that we do not estimate. The preference
parameters are taken from the literature. Risk aversion γ is set to 3 and the Cobb-Douglas
weight on housing services, ρ, is set to 13% based on Piazzesi, Schneider and Tuzel (2007).
The parameter D that governs the strength of the bequest motive is 10 to match the aver-
age home-ownership rate at the age of 80.

The income process specified in (2) is calibrated based on the results of Cocco, Gomes
and Maenhout (2005). The deterministic part f (t) follows a three-degree polynomial in
age. We use the coefficients characterizing the life-cycle profile of high-school graduates
estimated by Cocco, Gomes and Maenhout (2005) from PSID data, and adapt them to fit
our income specification. The cyclical component has the usual hump shape. Based on
these results, the annual standard deviation of the permanent shock is set to about 10%.
The correlation between innovations to house price and permanent income, σŶP, is set to
zero based on Flavin and Yamashita (2002). θR is set to be 0.7 in accordance with Cocco,
Gomes and Maenhout (2005).

Moving to prices, the risk-free interest rate R is calculated as the average real yield
of a 1-year treasury bond between 1972-2017. The volatility of house price growth is
set to 15% This number reflects both idiosyncratic risk, which Landvoigt, Piazzesi and
Schneider (2015) and Case and Shiller (1990) estimate to be between 9% and 15%, and
aggregate housing risk which Flavin and Yamashita (2002) estimate to be between 5%
and 9%. We estimate the drift in house price growth to be equal to that implied by the
estimated income process, which is 0.5%. This ensures that the ratio between house prices
growth and income growth is stationary. To compute the rent-to-price ratio α we use the
FHFA aggregate price index and deflate it by the CPI of house rental prices. The long
run value of this series is consistent with Davis, Lehnert and Martin (2008) and Sommer,
Sullivan and Verbrugge (2013). The maintenance cost accrued by house owners in order
to offset depreciation is set as a 1% share of the house value, and is line with other values
in the housing literature.

We estimate the age-dependent probability of moving, Mt, from the 2010 Census data.
To identify moving for reasons that are exogenous to our model (e.g. marriage, divorce,
disaster loss) we use the 2015 American Housing Survey which asks respondents for mov-
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ing circumstances. The life-cycle mobility shock is estimated to be downward sloping
with age. Finally, survival rates λt are calculated from The National Center of Health
Statistics mortality rates.

Table 3: Calibrated Parameters

Parameter Notation Value
Relative risk aversion γ 3

Housing services weight in utility 1− ρ 0.13
Relative income at retirement θRet 0.7

Bequest motives D 10
Permanent shock volatility σ2

Ŷ
0.0106

Transitory shock volatility σ2
u 0.0738

Riskless rate R 1.01
Maintenance cost ψ 0.01

House price shock volatility σ2
P 0.0144

Rent to price ratio α 0.05
Transaction cost ν 0.08

4.3 Estimation Procedure

4.3.1 Simulated Method of Moments Approach

We estimate the remaining model parameters by applying a Simulated Method of Mo-
ments (SMM) to the cross-sectional 2016 SCF data. Denote the set of these parameters,
which we specify below in more detail, by the vector η. For every model period t we sim-
ulate a large number of It households from the SCF distribution of this age cohort. Denote
this sampled data by Ωt =

{
fi,t, τi,t−1, Wit, PtQit, Ŷit

}It
i=1 where fit is the self-assessed fi-

nancial knowledge category household i belongs to, τi,t−1 denotes the house ownership
status at the beginning of the period, Wit is the total wealth and PtQit is the house value
for owners as defined in Section 4.1. Since the data does not distinguish between the per-
manent income component Ŷit and the temporary shock uit, we decompose the observed
labor income Yit by simulating uit from its specified distribution. Similarly, we simulate a
moving shock Mit for each household based on the calibrated probabilities.

Given the simulated state variables and values for both the calibrated parameters from
Table 3 and η, we can solve for the period t optimal policies for each household i, denoted
by Zt(Ωt, η) = {τi,t, Hi,t, Ci,t, Bi,t, ξi,t}It

i=1. By simulating the period t+ 1 shocks to idiosyn-
cratic income (εŶ

i,t+1), aggregate housing prices (εP
t+1) and owner specific house quality

growth (gi,t+1) we can map these policies into year t + 1 state variables. Together, this

21



yields the simulated sample of next period’s state variables, Ω̂t+1(Ωt, η) . We then esti-
mate η by minimizing (in an SMM fashion) the distance between the simulated samples
Ω̂t+1 and the data samples Ωt+1.

The estimation relies on two assumptions. Since our data is not of panel structure,
the observed households at t are not followed into period t + 1. Comparing the sim-
ulated samples Ω̂t+1 and the data samples Ωt+1 thus assumes a birth cohort invariant
distribution of Ωt. While in general this distribution may differ across birth cohorts (e.g.
if the joint distribution of tenure and age was different in the past compared to what it
is today), our SMM approach only requires invariance across two consecutive birth co-
horts. The second assumption follows from the enduring nature of self-assessed financial
knowledge in the model. While the data suggests that older households report higher
levels of financial knowledge, our model assumes it to be innate. However, this would
be a concern to our SMM estimation only to the extent that financial knowledge evolves
in between two consecutive periods. Appendix C specifies the estimation procedure, in-
cluding the estimation of standard errors, in more detail. In what follows we discuss the
data moments we target and the parameters we thereby estimate.

4.3.2 Parameters and Moments

We want to study the role of expectations on future house prices and of mortgage terms
in generating the relationship between financial literacy and housing outcomes apparent
in the data. For this, the model entertains heterogeneity across different levels of self-
assessed financial literacy. This heterogeneity is captured by the 4 groups of parameters
we estimate: 1) the expected returns on the housing asset, µ( fi); 2) the expected volatility
of these returns σ( fi); 3) the mortgage interest rate spread $( fi); and 4) the minimum
down-payment requirement δ( fi).

As data moments in the SMM objective function we use 6 groups of moments: house
ownership ratio and loan-to-value ratio, where we divide households into three age groups
to capture life cycle dynamics. We define the young as households between the ages of 25
and 40, the middle aged as those between the ages 41 and 60, and the old as those older
than 60. Each of these moments is computed across the three types of financial literacy.
We also estimate the discount factor β in order to match aggregate wealth in the data13.
This gives us 13 moments and 19 parameters. The choice of these moments relies mainly

13In an additional exercise, we also allow for heterogeneity in the discount factor across self-assessed
financial literacy groups. Data moments in this case are augmented with wealth by literacy groups. Such
heterogeneity doesn’t seem to play an important role, as estimates are basically equal across levels of self
assessed literacy.
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on their interaction with model policies, as discussed in Section 3.2.

5 Results

Table 4 lists the estimated parameters across literacy groups. Households who self-assess
themselves as more literate face laxer constraints in the credit markets. They pay a lower
spread when borrowing against the value of their house, and are required to a lower
down-payment on their mortgage. More literate households also face better risk-return
trade-offs in the housing markets. While both the expected return and volatility of this
return are estimated to be hump-shaped with respect to literacy, the overall Sharpe ra-
tio is slightly increasing – from 1.08 for the low group, 1.2 for the intermediate group,
and 1.7 for the higher literacy households. On average, our estimates suggest that dif-
ferences in credit markets are quantitatively more important for explaining the stylized
facts. As the empirical analysis in Section 2 points out, differences in ownership rates are
more stark across literacy groups, compared to differences in loan-to-value ratios. The
estimation therefore uses the literacy types to mostly accommodate for the differences
in home-ownership. For this, credit constraints are more important than expectations
on future prices. Laxer credit constraints matter for ownership decisions, but expecta-
tions matter more for leverage. In Section 5.2 we offer a more nuanced view, according
to which households who self-assess themselves as financially sophisticated tend to be
better at those parts of the transaction that are more relevant to them.

Table 4: Estimated Parameters: Full Model

Estimates Low Lit. Int. Lit. High Lit.

Expected return µ̂( f ) 0.04
(0.0004)

0.07
(0.0005)

0.05
(0.0001)

Volatility σ̂( f ) 0.037
(0.0005)

0.058
(0.005)

0.031
(0.002)

Sharpe Ratio
ˆµ( f )

σ( f ) 1.07
(0.02)

1.2
(0.1)

1.7
(0.1)

Mortgage spread $̂( f ) 0.04
(0.0002)

0.028
(0.002)

0.009
(0.0006)

Min. down-payment δ̂( f ) 0.2
(0.005)

0.154
(0.0005)

0.143
(0.01)

5.1 Model Fit

Figure 2 shows the fit of our estimation to the data. The heterogeneous agent model is
able to closely mimic the stylized facts it was designed to target. As in the data, model-
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implied home-ownership rates and loan-to-value ratios are increasing with self-assessed
financial knowledge. Both in the data and in the model, home-ownership rates exhibit a
strong slope in financial literacy for all age groups. In fact, literacy seems to be as impor-
tant for tenure as age. The difference across levels of financial literacy is less stark when
considering loan-to-value ratios, and shows up only for middle-aged and old households.
Relating back this observation to the estimated parameters in Table 4, we are able to ex-
plain identification. The estimation uses the literacy types to mostly accommodate for the
differences in home-ownership. For this, credit constraints are more important than ex-
pectations on future prices. Laxer credit constraints matter for ownership decisions, but
expectations matter more for leverage
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Figure 2: Full Model: Target and Model Generated Moments

Note: The figure compares model generated moments (red bars) to SCF data moments (blue bars). The Loan-to-Value ratio is averaged
across all home-owners and is computed in the SCF as the ratio of all debt which is collateralized against the house, divided by the
value of the house . Young households are those in which the household head is 40 years old or younger, middle-aged are those
between the ages of 41 and 60, and the old are those older than 61. Low literacy households are those self-assessing their knowledge
to be between 1 and 4 on the 1− 10 scale, intermediate literacy households are those self-assessing their knowledge to be between 5
and 7 and high literacy households are those self-assessing their knowledge to be between 8 and 10.
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By fitting the data, our model suggests that heterogeneity in mortgage terms and in
expectations on future house prices can account for the link between self-assessed finan-
cial literacy and housing outcomes that is evident in the data. A model in which house-
holds that report higher financial literacy levels also shop for better deals in the mortgage
markets and have better risk-return trade-offs on the housing asset can rationalize our
empirical findings.

5.2 Interpreting Self-Assessed Financial Literacy

How important are each of these two channels in generating the documented stylized
facts? In what follows we show that if we want to better infer how financially sophisti-
cated individuals differ, we need to take a life cycle perspective. We argue that house-
holds who self-assess themselves as financially sophisticated tend to be better at those
parts of the transaction that are more relevant to them. That is, financial literacy matters
differently throughout life. At the beginning of life, when mortgage terms matter more
for housing decisions, those with higher self-assessed literacy manage to shop for lower
mortgage spreads and down-payment requirements. Later on, when returns on housing
is more relevant, they make deals with better risk-return trade-offs.

To see this, consider the following exercise. We begin by simulating the heterogeneous
agent model while shutting off heterogeneity in expectations on future house values. That
is, we simulate a model where we maintain the estimates of mortgage spreads $( fi) and
minimum down-payment requirement δ( fi) from Table 4, but set the expected returns on
the housing asset, µ, and the expected volatility of these returns σ to be equal across liter-
acy types. Specifically, we use the weighted average µ and σ from Table 4. The results of
this exercise are given in Figure 4 in the appendix. The fit of the model without risk-return
heterogeneity (yellow bars) with respect to the data (blue bars) becomes worse for the old,
but actually better for the young. This can be seen in both housing market outcomes, and
across the three literacy types. This suggests that heterogeneity in expectations of future
house prices matters more for the old than it does for the young. Older households do
not tend to borrow as much, and therefore utilize their literacy toward access to better
risk-return trade-offs in the housing markets.

Next, we consider the analog case in which we allow heterogeneity in expectations on
future house values but dismiss of heterogeneity in mortgage terms by setting $ and δ to
their weighted average values. The results are illustrated in Figure 5 in the appendix. The
fit of the model without heterogeneity in mortgage terms (yellow bars) with respect to
the data (blue bars) deteriorates more for middle-aged households, but less so for older
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households. For the middle-aged, this model does worse in terms of matching both home-
ownership and loan-to-value for the low-literacy households as well as the loan-to-value
ratio for the high literacy group. At the same time, for the old households there doesn’t
seem to be much of a difference between the two models. . Since middle-aged house-
holds tend to borrow more against the value of their house, the more literate among these
households tend to be better at shopping in the credit markets - they pay lower mortgage
spreads and are required to pay less collateral. These results suggest that heterogeneity
in mortgage terms matters more for the younger households. Overall, we conclude that
sophisticated households are better at the parts of the housing markets that is more rel-
evant to their stage in life. This is consistent with a rational attention allocation where
agents choose to learn about what is most important for them.

5.3 Self-Assessed Financial Literacy and Self-Confidence

Self-assessed financial literacy might measure the degree of self-confidence in financial
markets, which in turn can be important for how households behave in the housing mar-
kets. For example, households who self-assess themselves as highly literate might have
over-optimistic beliefs on the risk-return trade-off they face in the housing markets. If this
is the case, they would be more likely to own house and take on more levered positions.

Our quantitative results suggest that this mechanism alone cannot underlie the empir-
ical patterns. A limitation of the estimation stratgy is that we cannot distinguish between
heterogeneous beliefs on future housing returns and heterogeneity in the fundamental
distribution of returns. The reason is that both home-ownership and LTV are household
policies and do not depend on actual realizations. However, we show that heterogeneity
in fundamental mortgage terms is important for matching the stylized facts. As seen in
Figure 5, a model without heterogeneity in mortgage terms fundamentals produces a di-
minishing relationship between literacy types and the loan-to-value ratios. Regardless of
whether we interpret heterogeneity in expectations on future house prices as subjective
beliefs or fundamental differences in returns, this channel alone cannot generate the rela-
tionship we observe in the cross section. That is, self-assessed financial literacy is, at least
partly, a proxy for literacy itself.

6 How Important is Financial Literacy in Housing Markets?

We have thus far shown that households who self-assess to be more financially literate
face cheaper and laxer mortgage terms and have access to better risk-return trade-offs in
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housing deals. But how important is accommodating for this heterogeneity in an other-
wise standard model of portfolio choice with housing? We argue that absent financial lit-
eracy heterogeneity, the evaluation of housing market policies can be largely misleading.
The main result is that the estimated housing demand elasticity with respect to wealth is
downsized by approximately 40% when taking financial literacy into account.

6.1 Benchmark Estimation

We begin by estimating a benchmark model in which heterogeneity in self-assessed lit-
eracy plays no role. That is, we estimate the model while restricting parameters to be
equal across levels of literacy. The data moments are the life cycle ownership rates and
loan-to-value ratios, as well as aggregate wealth. We are therefore left with 5 parameters
and 7 moments. The estimated parameters for the benchmark specification are shown in
Table 5.

Table 5: Estimated Parameters: Benchmark Model

Estimates Values
Expected return µ̂ 0.07

(0.0003)
Volatility σ̂ 0.064

(0.0005)

Sharpe Ratio ˆ(µ
σ

)
1.17
(0.005)

Mortgage spread $̂ 0.028
(0.0002)

Min. down-payment δ̂ 0.17
(0.0001)

Discount factor β̂ 0.95
(0.0009)

Notes: SMM Estimates from the benchmark model.

Expected house quality gains and the volatility of these gains are estimated to be 7%
per year and 6.4% per year, respectively. Mortgage spread is estimated at 2.8% and the
minimum down-payment requirement is 17%. The discount factor is estimated to be
0.95. By estimating these parameters, the benchmark model closely matches the life cycle
dynamics of housing tenure and leverage as well as the aggregate wealth-to-income ratio
in the economy. Figure 3 shows this by plotting model generated moments against the
data moments.

If the standard housing model can account for the life cycle dynamics we see in the
data, why should we consider augmenting it with heterogeneity in financial literacy?
First, the benchmark model cannot account for the stylized facts presented in Section 2.
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Figure 3: Benchmark Model: Target and Model Generated Moments

Note: The figure compares model generated moments (red bars) to SCF data moments (blue bars). The Loan-to-Value ratio is averaged
across all home-owners and is computed in the SCF as the ratio of all debt which is collateralized against the house, divided by the
value of the house. Young households are those in which the household head is 40 years old or younger, middle-aged are those
between the ages of 41 and 60, and the old are those older than 61.

Absent of heterogeneity in housing market parameters, the benchmark model can differ-
entiate between households who report different levels of literacy only to the extent that
in the data this heterogeneity correlates with wealth, age, previous housing tenure and
previous house value - the remaining initial conditions. If literacy matters only through
its correlation with these confounding factors, the benchmark model should capture the
observed heterogeneity in housing outcomes. By feeding the observed joint distribu-
tion of self-assessed literacy with wealth, age, and previous house market outcomes, the
benchmark estimation shows that financial literacy matters over and above its relation to
these variables. More importantly, ignoring the role of financial literacy in the housing
markets has quantitatively significant policy implications.

6.2 Housing Demand Elasticity

We compute the aggregate housing demand elasticity to a wealth shock with and without
financial literacy heterogeneity. This echoes debated policies that are designed to encour-
age house ownership. A 10% increase in the wealth of young households leads to a 10%
increase in housing demand in the benchmark model, but only to a 6.4% increase in hous-
ing demand in the heterogeneous agent model. Similarly, a 10% wealth shock targeted at
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the young and poor households leads to a 20% increase in housing demand in the bench-
mark model, but only to a 11% increase in housing demand in the heterogeneous agent
model. The corresponding housing demand elasticities are shown in Table 6. Evaluating
the effect of housing market policies to encourage ownership therefore crucially depends
on whether or not heterogeneity in financial literacy is taken into account.

Table 6: Housing Demand Elasticity - With and Without Financial Literacy

Population Benchmark Model Heterogeneous Model

Young 1 0.64
Young and Poor 2 1.1

Notes:Housing demand elasticity is computed as the perentage increase in home-ownership in response to a percentage increase in
wealth. The first row shows this elasticity for young households (aged 25-40) whereas the second row focuses on young and poor
household (from the bottom quantile of the wealth distribution).

The underlying reason for this discrepancy is the following. While the benchmark
model is able to match the life cycle dynamics of housing tenure and leverage, this comes
at an overlooked cost. By ignoring the observed heterogeneity in financial literacy, the
model over-estimates the correlations between housing outcomes and wealth and age.
The benchmark model matches life cycle housing moments using the wrong mechanism
- it underestimates the large variability in ownership and leverage within wealth and age
bins as it appears in the data.

To see this, we regress the model-generated home-ownership and loan-to-value policy
functions on wealth and age variables. Focusing on control variables X that can both
be computed as part of the model and appear in our empirical analysis in Section 2 —
age, age squared, wealth and wealth quartiles — the following specification is chosen to
closely mimic Equation 1:

Yi = βlowFKlow,i + βhighFKhigh,i + ΓXi + εi (8)

We then compare the estimates obtained from this exercise to the estimates obtained
from regressing Equation 8 on the SCF data. The results are shown in Table 7.14

14Comparing the model-generated estimates to those from the SCF data requires estimates and standard
errors be computed in a similar fashion. As discussed in Section 2, in order to accommodate for the complex
sampling design of the SCF, estimates and standard errors are computed by applying a bootstrapping rou-
tine. We therefore follow this routine for computing the model-implied estimates. We draw 1,000 bootstrap
samples from the the SCF distribution of the model state variables. We then apply the policy functions on
each sample to simulate model-implied regression estimates.
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Table 7: Data and Model Regressions

Home Ownership LTV

Data Bench. Full Data Bench. Full

Low Fin. Lit. −0.644∗∗∗
(0.119)

−0.206∗∗∗
(0.071)

−0.711∗∗∗
(0.035)

−0.078∗∗
(0.027)

0.00
(0.002)

−0.060∗∗∗
(0.002)

High Fin. Lit. 0.215∗∗
(0.087)

0.427∗∗∗
(0.035)

0.327∗∗∗
(0.025)

0.21∗∗
(0.009)

−0.009∗∗∗
(0.00)

0.012∗∗∗
(0.00)

Age 0.031∗∗
(0.014)

0.407∗∗∗
(0.01)

0.235∗∗∗
(0.005)

0.004
(0.003)

−0.007∗∗∗
(0.000)

−0.006∗∗∗
(0.000)

Age2 0.000∗∗
(0.000)

−0.004∗∗
(0.000)

−0.002∗∗∗
(0.000)

0.000∗∗∗
(0.000)

0.000∗∗
(0.000)

0.000∗∗∗
(0.000)

ln( wealth
income )

0.928∗∗∗
(0.088)

5.87∗∗∗
(0.088)

2.55∗∗∗
(0.084)

−0.09∗∗∗
(0.019)

−0.184∗∗∗
(0.001)

−0.175∗∗∗
(0.001)

wealth
income Q2 0.613∗∗∗

(0.071)
0.076
(0.075)

1.55∗∗∗
(0.039)

−0.038
(0.029)

0.088∗∗∗
(0.004)

0.033∗∗∗
(0.002)

wealth
income Q3 0.957∗∗∗

(0.184)
−1.293∗∗∗

(0.164)
1.281∗∗∗
(0.010)

−0.134∗∗∗
(0.049)

−0.039∗∗∗
(0.005)

−0.009∗∗∗
(0.004)

wealth
income Q4 0.122

(0.315)
−
(−)

1.464∗∗∗
(0.170)

−0.139∗∗
(0.067)

−0.117∗∗∗
(0.006)

−0.193∗∗∗
(0.005)

R2 0.361 0.794 0.541 0.336 0.804 0.730

Notes: Households are divided into three groups according to their self reported financial knowledge: Low (0-4 on scale), intermediate
(5-7) and high (8-10). Total wealth is defined by the SCF as the balance between total assets and total debt, and income is the sum of
incomes and transfers from all sources. Households are assigned to wealth-to-income quartiles. *** is significant at 1%; ** is significant
at 5%; * is significant at the 10% level. Standard errors in the data are computed using the “scfcombo” Stata package in order to account
for the SCF complex sample specification as well as the multiple imputation process. Standard errors in the model are computed by
simulating 1, 000 bootstrap samples from the SCF data. The wealth-to-income fourth quartile is omitted from the home-ownership
logit regression since all simulated households who belong to this quartile end up owning a house.
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The benchmark model (column 2) generates an excessive co-movement of home-ownership
with wealth and age. For a one-unit increase in log(w), the expected change in the home-
ownership log odds is 0.928 in the data (column 1) but 5.87 in the benchmark model.
Similarly, for a one-year increase in age, the expected change in the home-ownership log
odds is 0.031 in the data but 0.4 in the benchmark model. A one unit increase in log(w)

is associated with a 18.4% reduction in loan-to-value in the benchmark model (column
5), compared to only a 9% decline in the actual data (column 4). In order to match the
life cycle variation observed in the data, the model uses the variation in observed state
variables. Since heterogeneity in financial literacy plays no role, the only source of such
variation comes from wealth, age, and previous tenure and house value. Indeed, the
housing demand elasticity of young households with respect to wealth is estimated to be
1. A wealth shock induces a large reaction of housing demand.

By incorporating heterogeneity in the observed literacy dimension, the heterogeneous-
agent model significantly reduces the bias in the correlation between ownership and
wealth and age. To see this, we repeat the exercise described by Equation 8 and compare
the estimates obtained from the full heterogeneous agent model, to those in the data. As
Table 7 shows, the model is able to closely match the relationship between literacy and
housing market outcomes throughout the wealth and age distribution. The estimated
home-ownership log odds ratio between the low (high) financial literacy group and the
omitted intermediate group is −0.644 (0.215) in the data (column 1) and −0.711 (0.327)
in the full heterogeneous-agent model (column 3). Similarly, the estimated increase (de-
crease) in the loan-to-value ratio between the omitted group and the low (high) literacy
group is 0.078 (0.021) in the data (column 4) and 0.06 (0.012) in the financial literacy model
(column 6).

Since households of different literacy types face different mortgage terms and have
different expectations on future house prices, they now respond differently to a wealth
shock. To provide some intuition, the elasticity of housing demand with respect to wealth
is lower for low literacy types since the credit constraints they face are more strict. Indeed,
the housing demand elasticity of young households with respect to wealth is estimated
to be 0.64. The effect of a wealth shock in the heterogeneous-agent model is therefore
mitigated.

We should point out that adding a new source of heterogeneity in any dimension will
mechanically reduce the excessive correlations between wealth and housing outcomes
that is generated by the benchmark model and therefore reduce housing demand elas-
ticities. To what degree does heterogeneity in a certain dimension matter for housing
markets is therefore a quantitative question. Our policy experiment suggests that self-
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assessed financial literacy plays an important role in the housing markets and should
hence be incorporated in housing choice models.

Finally, it is important to note that the heterogeneous-agent model was estimated to
match the relationships between literacy, housing tenure and leverage across three spe-
cific age groups. Remarkably, Table 7 illustrates that it manages to closely capture the
average relationship between literacy and housing outcomes across all wealth and age
bins. We believe this is a quantitative success of our model.

7 Summary and Concluding Remarks

This paper introduces a novel dimension of household heterogeneity that plays an impor-
tant role in housing markets. First, we document new facts linking self-assessed financial
literacy to housing outcomes. We show that households that see themselves as more lit-
erate are 1) more likely to own a house and 2) take on more debt against the value of the
house. The relationship is economically meaningful and robust after controlling for the
potential confounding factors.

Motivated by these empirical patterns, we then ask what are the channels through
which financial literacy matters for housing tenure and leverage? We focus on the role
of mortgage terms and expectations on future house prices, arguably the most relevant
drivers of housing market behavior. We incorporate heterogeneity in financial literacy
along these channels in an otherwise standard portfolio choice with housing. We find
that households who self-assess themselves as more literate face laxer constraints in the
credit markets - they pay a lower spread when borrowing against the value of their house,
and are required to a lower down-payment on their mortgage. More literate households
also face better risk-return trade-offs in housing markets, suggesting that more literate
households engage in better investment deals. Our estimates suggest that differences in
credit markets are quantitatively more important for explaining the stylized facts. More-
over, financial literacy matters differently throughout life. At the beginning of life, when
mortgage terms matter more for housing decisions, those with higher self-assessed liter-
acy manage to shop for lower mortgage spreads and down-payment requirements. Later
on, when returns on housing are more relevant, they make deals with better risk-return
trade-offs.

The main takeaway is that accommodating for heterogeneity in financial literacy is
quantitatively important for assessing housing market policies. Absent financial liter-
acy heterogeneity, the evaluation of housing market policies can be largely misleading.
The estimated housing demand elasticity with respect to wealth is downsized by ap-
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proximately 40% when taking financial literacy into account. By ignoring the observed
heterogeneity in financial literacy, models without financial literacy over-estimate the cor-
relations between housing outcomes and wealth and age. By uncovering this important
dimension of household heterogeneity, our model is able to significantly reduce this bias.

We conclude that financial literacy matters for housing outcomes, and that hetero-
geneity in mortgage terms and expectations on future house prices can be the underlying
mechanism for why literacy matters. Future work evaluating housing market policies
should therefore take heterogeneity in financial literacy into consideration.
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Figure 4: Shutting off Heterogeneity in Expectations on Future Prices

Note: The figure compares between 1) SCF data moments; 2) The full heterogeneous model generated moments ; and 3) Moments
generated by a model in which mean expected return (µ( fi)) and volatility (σ( fi)) are set to their benchmark model estimates (Table
5) for all literacy groups fi = {Low, Int, High} whereas estimates of mortgage spread ($( fi)) and down-payment requirements (δ( fi))
are taken from the full heterogeneous-agent model.
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Figure 5: Shutting off Heterogeneity in Mortgage Terms

Note: The figure compares between 1) SCF data moments; 2) The full heterogeneous model generated moments; and 3) Moments
generated by a model in which mortgage spread ($( fi)) and down-payment requirements (δ( fi)) are set to their benchmark model
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B Dynamic Programming Solution

Equation 5 specifies the problem faced by household i at period t < Ret − 1. For com-
pleteness, we will first specify the equivalent problem for t ≥ Ret − 1. Next, we will
present a transformation to the model that serves two purposes. The first is improving
on efficiency of computation by reducing the state space. As seen below, we are able to
dispose of both the permanent income Ŷt and the house price index Pt, thereby allowing
for enhanced speed in the estimation procedure. Second, the transformed problem is the
basis for comparing the model output to the Survey of Consumers Finance survey data.

B.1 Bellman Equation for t ≥ Ret

Define the state variable tuple XRet
t = { fi, Wt, Pt, τt−1, Qt, YRet, Mt}. The following Bell-

man equation specifies the household value function after retirement, i.e. for t ≥ Ret
:

Ṽt( fi, Wt, Pt, τt−1, Qt, YRet, Mt) =λt

{
max

Zt
u(Ct, St) ...

+βEi
t[Ṽt+1( fi, Wt+1, Pt+1, τt, Qt+1, YRet, Mt+1)]

}
...

+ (1− λt)D(Wt, Pt)

(9)

where Zt is the vector of policy variables defined as Zt ={Ct, Ht, Bt, τt, ξt}. The prob-
lem is subject to the same collateral constraint as before:

Bt ≥

0 τt = 0

−(1− δ( fi))PtHt τt = 1

subject to the budget constraint:

Wt = Ct + Bt + PtHt[(1− τt)α + τt(1 + ψ)] τt−1 = 0

Wt = Ct + Bt + (1− ξt)ψPtQi(Ht−1)... τt−1 = 1

... + (1− ξt)PtQt (1− ν) + ξt [PtHt {(1− τt)α + τt(1 + ψ)}

Note that, compared to the Bellman equation for t < Ret − 1, the state variable for
income is now YRet. The reason is that, for t ≥ Ret, the household gets a fixed portion θRet

of his last income YRet. and therefore, in case the household decides to default, she pays
a cost proportional to YRet. Similarly as in the problem before retirement, the evolution of
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the endogenous state variables, total wealth and house quality is given by:

Wt+1 = (R + 1{Bt<0}$( fi))Bt + (1− ν( fi))Pt+1Qt+1 + θRetYRet

Qt+1 = τtQi(Ht) = τt(1 + gi,t+1)Ht

B.2 Bellman Equation for t = Ret− 1

Next, consider the problem faced by household i one period before retirement, i.e. at
period t = Ret − 1. This period is particularly relevant since the continuation value
function is given by ṼR(.), whereas the current value function is given by VR−1(.). More
specifically, using the notation of Xt and XRet

t previously defined, the household value
function is:

Vt(Xt) =λt

{
max

Zt
u(Ct, St) + βEi

t[Ṽt+1(XRet
t+1)]

}
...

+ (1− λt)D(Wt, Pt)

(10)

Note that the state variable in the current value function is the permanent income
component at t = Ret− 1, i.e ŶRet−1, where as in the continuation value function it is the
total income at t = Ret, i.e. YRet. This problem is subject to the same collateral constraint
and budget constraint as in t < Ret− 1 (i.e. equations 6, 7 and ??). Similarly, the evolution
of the endogenous state variables is given by:

Wt+1 =
[

R + 1{Bt<0}$( fi)
]

Bt + (1− ν( fi))Pt+1Qt+1 + Yt+1

Qt+1 = τt(1 + gi,t+1)Ht

where YRet = ŶRet−1exp( f (Ret) + ε̂i
Ret + ε̄Ret + uRet).15

15This expression follows from the definition of the income process:

log(YRet) = f (Ret) + log(ȲRet) + log(Ŷi
Ret) + uRet

Hence:

YRet = exp( f (Ret) + log(ȲRet) + log(Ŷi
Ret) + uRet)

= exp( f (Ret) + log(ȲRet−1) + log(Ŷi
Ret−1) + ε̂i

Ret + ε̄Ret + uRet)

= exp( f (Ret) + log(ŶRet−1) + ε̂i
Ret + ε̄Ret + uRet)

= ŶRet−1exp( f (Ret) + ε̂i
Ret + ε̄Ret + uRet)
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B.3 Transformed Model

B.3.1 Transformed Model for t ≥ Ret

By backward induction, consider first the problem defined by equation 9 for households
who are retired or are about to retire at the end of the period, i.e. for t ≥ Ret. We normalize
all the quantities of the model by total income YRet and use the notation x̃ to denote the
normalized variables:

w̃t =
Wt

YRet
, q̃t =

QtPt

YRet
, c̃t =

Ct

YRet

b̃t =
Bt

YRet
, h̃t =

PtHt

YRet

Denote ṽt( fi, w̃t, τt−1, q̃t, Mt) = Vt( fi,Wt,Pt,τt−1,Qt,YRet,Mt)

(YRetP
−ρ
t )1−γ

the normalized value function.

In addition denote the normalized policy variables z̃t =
{

τt, b̃t, h̃t, c̃t, ξt
}

and the new
endogenous state variables x̃t = { fi, w̃t, τt−1, q̃t, Mt} . Finally, the normalized bequest

function is d(w̃t) = D w̃1−γ
t

1−γ .

Then the household problem in 9 can be re-written as follows:

ṽt(x̃t) =λt

[
max

z̃t
u(c̃t, s̃t) + βEt

[
˜vt+1(x̃t+1)

(
GP

t+1

)−ρ(1−γ)
]]

...

+ (1− λt)d(w̃t)

where s̃t = φ(τt, t)h̃t and GP
t = Pt

Pt−1
= exp{εP

t }, with εP
t ∼ N(0, σ2

P). This problem is
subject to the normalized collateral constraint:

b̃t ≥

0 τt = 0

− [1− δ( fi)] h̃t τt = 1
(11)

subject to the normalized budget constraint:

w̃t =


c̃t + b̃t + h̃t [(1− τt)α + τt(1 + ψ( fi))] τt−1 = 0

c̃t + b̃t + (1− ξt)q̃t(1− υ( fi))... τt−1 = 1

... + (1− ξt)ψq̃t + ξth̃t [(1− τt)α + τt(1 + ψ( fi))]

(12)

Finally, the evolution of the endogenous state variables is:
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w̃t+1 =
[

R + 1{b̃t<0}$( fi)
]

b̃t + (1− ν( fi))q̃t+1 + θRet

q̃t+1 = τt(1 + gi,t+1)h̃tGP
t+1

(13)

Note 2 state variables have been taken away: the price Pt and the income at retirement
YRet, thus improving the efficiency of computation.

To solve this problem, it can be divided and simplified into two smaller sub-problems:

• The "moving" problem (M). Define the value function of a household who was a
previous renter (τt−1 = 0) or that has sold its house (τt−1 = 1, ξt = 1), conditional
on surviving to period t + 1:

ṽM
t ( fi, w̃t) = max

c̃t,b̃t,τt,h̃t

u(c̃t, h̃t) + βEt

[
ṽt+1( fi, w̃t+1, τt, q̃t+1, Mt+1)

(
GP

t+1

)−ρ(1−γ)
]

s.t. w̃t = c̃t + b̃t + (1− τt)αh̃t + τth̃t(1 + ψ( fi))

b̃t ≥ −(1− δ( fi))τth̃t

• The "forced-to-stay" problem (S). Define the value function of a household who was
a home owner and is forced to stay in its house (τt−1 = 1, ξt = 0, τt = 1), conditional
on surviving to period t + 1:

ṽS
t ( fi, w̃t, q̃t) = max

c̃t,b̃t

u(c̃t, q̃t) + βEt

[
ṽt+1( fi, w̃t+1, τt, q̃t+1, Mt+1)

(
GP

t+1

)−ρ(1−γ)
]

s.t. w̃t + νq̃t = c̃t + b̃t + (1 + ψ( fi))q̃t

b̃t ≥ −(1− δ( fi))q̃t

Note that in these 2 sub-problems the evolution of the endogenous state variables is
defined by 13. With this, the household problem can then be rewritten as follows:

ṽt( fi, w̃t, τt−1, q̃t, Mt) = λt

[
τt−1

[
(1−Mt)max

{
ṽM

t ( fi, w̃t), ṽS
t ( fi, w̃t, q̃t)

}
...

+ MtṽM
t ( fi, w̃t)

]
+ (1− τt−1)ṽM

t ( fi, w̃t)
]

...

+ (1− λt)d(w̃t)

If the household is a previous owner (τt−1 = 1) then the household can either be
forced to move by an unexpected shock (Mt = 1) or not (Mt = 0). If his not forced to
move (Mt = 0), then she can choose between two alternatives:

a) Selling the house (ξt = 1) and choose problem M with value function vM
t ( fi, w̃t).
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b) Stay in the current house (ξt = 0) and choose problem S with value function
vS

t ( fi, w̃t, q̃t).

If the household is a previous owner and she is forced to move then she faces problem
M. On the other hand, if a household is a previous renter (τt−1 = 0) then she can only
face the previous renter problem vM

t ( fi, w̃t). Finally, the dynamic problem can be solved
recursively starting from period T, where ṽT( fi, w̃T) = d(w̃T).

B.3.2 Transformed Model for t < Ret− 1

Next, consider the case of a household of age t < Ret − 1. In this case we normalize
quantities by the permanent income Ŷt:

wt =
Wt

Ŷt
, qt =

QtPt

Ŷt
, ct =

Ct

Ŷt

bt =
Bt

Ŷt
, ht =

PtHt

Ŷt

Denote by xt = {wt, τt−1, qt} the vector of state variables and

vt( fi, wt, τt−1, qt, Mt) =
Vt( fi, Wt, Pt, τt−1, Qt, Ŷt, Mt)

(ŶtP
−ρ
t )1−γ

the normalized value function. In addition let zt = {τt, ξt, ht, ct, bt} the vector of pol-
icy variables in the normalized problem. It will be useful to note that wt = Ŷt−1

Ŷt
((R +

1{bt−1<0}$( fi))bt−1 + (1− ν)qt + exp{ f (t) + ut). Finally, the normalized bequest function

is d(wt) = D w1−γ
t

1−γ .

Then, the household problem in 5 can be re-written as follows:

vt( fi, wt, τt−1, qt, Mt) = λt

{
max

zt
u(ct, st)...

+ βEt[(vt+1( fi, wt+1, τt, qt+1, Mt+1)[GY
t (G

P
t )
−ρ]1−γ]

}
...

+ (1− λt)d(wt)

where GY
t = Ŷt

Ŷt−1
= exp(εt + ε̂i

t) and GP
t defined as above. It is useful to define εŶ

t =

εt + ε̂i
t so that εŶ

t ∼ N(0, σ2
Ŷ
) and GY

t = exp(εŶ
t ). Note that the innovations (εt, ˆεi

t, εP
t , ut)
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are independent across time. . Similarly as in the problem after retirement, we have thus
eliminated two state variables: the price Pt and permanent income Ŷt. This problem is
subject to the normalized collateral constraint defined above (equation 11). The budget
constraint is given by equation 12.

To solve the problem, define the same two sub-problems as in the case t ≥ Ret, but for
the period before retirement:

• Problem M:

vM
t ( fi, wt) = max

ct,bt,τt,ht
u(ct, st) + βEt[(vt+1(xt+1)[GY

t+1(G
P
t+1)

−ρ]1−γ]

s.t. wt = ct + bt + (1− τt)αht + τtht(1 + ψ)

bt ≥ −(1− δ)τtht

• Problem S:

vS
t ( fi, wt, qt) = max

ct,bt
u(ct, qt) + βEt[(vt+1(xt+1)[GY

t+1(G
P
t+1)

−ρ]1−γ]

s.t wt + νqt = ct + bt + (1 + ψ)qt

s.t bt ≥ −(1− δ)qt

The general household problem can then be written as follows:

vt(xt) = λt

[
τt−1

[
(1−Mt)max

{
vM

t ( fi, wt), vS
t ( fi, wt, qt)

}
...

+ MtvM
t ( fi, wt)

]
+ (1− τt−1)vM

t ( fi, wt)
]

+ (1− λt)d(wt)

(14)

Basically, in 14 the household faces the same choices as in the after retirement problem.
Finally, the evolution of the endogenous state variables is given by:

wt+1 = [(R + 1{bt<0}$( fi))bt + (1 + gi,t+1)GP
t+1τtht(1− ν( fi))]

1
GY

t+1

+ exp{ f (t + 1) + ut+1}

qt+1 = τtht
GP

t+1

GY
t+1

(1 + gi,t+1)

B.3.3 Transformed Model for t = Ret− 1

Finally, we complete the transformation by obtaining the relationship between the trans-
formed problems for t ≥ Ret and t < Ret− 1. Specifically, at t = Ret− 1, the household

43



problem is defined by equation 10. Using the notation defined above and some algebra,
the normalized household problem in this case can be written as:

vt(xt) = λt

{
max
zRet−1

u(ct, st) + βEt[(ṽt+1(x̃t+1)[GY
t+1(G

P
t+1)

−ρexp { f (t + 1) + ut+1}]1−γ]

}
+ (1− λt)d(wt)

Note that the current value function is vt(.) while the continuation value function is
ṽt(.). Also note that in the continuation value, the expression exp { f (t + 1) + ut+1} is
the factor that allows to convert normalized variables by ŶRet in variables normalized by
YRet, i.e. for instance wRet = w̃Retexp { f (Ret) + uRet}. This problem is subject to the same
collateral constraint and budget constraint as in the problem before retirement. Next,
define the evolution of the endogenous state variables:

ŵt+1 = exp {− f (t + 1)− ut+1}wt+1

= exp {− f (t + 1)− ut+1}
[
[(R + 1{lt<0}$( fi))lt...

+ τthtGP
t+1(1 + gi,t+1)(1− ν( fi))]

1
GY

t+1
+ exp{ f (t + 1) + ut+1}]

and :

q̃t+1 = exp {− f (t + 1)− ut+1} qt+1

= exp {− f (t + 1)− ut+1} τtht
GP

t+1

GY
t+1

(1 + gi,t+1)

Finally, to solve this problem, we can define the similar sub-problems M, and S as in
the problem before retirement, but noting that the continuation value is computed with
the value function ṽt(.) and the expectation term includes the factor exp { f (t + 1) + ut+1}.

C Estimation Procedure

We estimate the housing market parameters by applying a Simulated Method of Moments
(SMM) to the cross-sectional 2016 SCF data. Denote these parameters by the vector η ={

µg, σ2
g , δ, $

}
.

The estimation proceeds as follows. we begin by simulating a large number of I house-
holds. For each household i = 1...I and for each age cohort t = 25...79:
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a) Compute the value of the normalized state variables at age t for household i, Ωi,n
t =

{ fi, wit, τit−1, qit, Mit, uit}

i. Using the cross-sectional distribution of the 2016 SCF data, draw the vector
of variables Ωi

t = { fi,t, τi,t−1, Wit, PtQit, Yit}. That is, the non normalized state
variables.

ii. Using Markov approximations, draw the idiosyncratic temporary shock uit,
distributed as N(0, σu).

iii. Calculate the normalized vector of state variables Ωi,n
t using qi,t = PtQit

Ŷit
and

wit = Wit
Ŷit

where the variables are normalized by the permanent component

of income Ŷit = Yitexp( f (t) + uit). Post retirement, variables are normalized
using total income at retirement.

iv. Using the age-dependent distribution of moving, draw the moving shock Mit.

b) Based on the state variables and the policy functions, compute the optimal policy
for each household i at age t, i.e. zi,t+1(Ω

i,n
t ) = {τi,t, bi,t+1, hi,t+1, ci,t+1, ξi,t+1}.

c) Using Markov approximations, simulate the period t + 1 aggregate house price
shock εP

i,t+1 and owner specific house quality growth gi,t+1. Moreover, if t < Ret− 1,
simulate the period t + 1 permanent shock to income εŶ

i,t+1 and idiosyncratic tem-
porary shock uit+1.

d) Finally, compute the evolution of wealth wi,t+1 and housing quality qi,t+1 using the
evolution equations from Section B.

This yields realizations of state variables Ω̂i,n
t+1(Ω

i,n
t , η) and policy variables zi,t+1(Ω

i,n
t , η)

for each household i = 1...I and each age cohort t = 26...80. Note that these realizations
depend on the value of the parameters η. Next, we compare model simulated moments
to moments in the data.

For the benchmark model, we define 3 age groups (young y for age t = 26...40, middle-
aged m for t = 41...60 and old o for t = 61...80) and compute the weighted average of
ownership τ̄a, and loan-to-value ratio ¯LTVa (computed only among current owners in
that period) for each age group a ∈ {y, m, o}:

¯̂Θa (η) =
1
|a|∑t∈a

I

∑
i=1

ωiΘ̂i,t (η) , Θ̂ = {τ, LTV} .

where the weights ωi are extracted from the 2016 SCF data and |a| is the number of
periods in each of the age groups. This yields 6 moments which we compare to the em-
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pirical moments Θ̄a computed using the 2016 SCF data. Additionally, we add aggregate
wealth as a moment. The set of 5 parameters η = {µ, σ, $, δ, β} is estimated to minimize
the mean of the square error of the 7 simulated moments with respect to their empirical
counterpart :

η̂SMM = argmin
η

1
7

 ∑
Θ∈{τ,LTV}

∑
a∈{y,m,o}

(
Θ̄a − ˆ̄Θa (η)

)2
+ (w̄− ˆ̄w (η))

2

 .

where w̄ is the weighted average wealth-to-income in the data and ˆ̄w (η) is its model
counterpart. Regarding the model with heterogeneity in financial literacy, the simulated
moments are computed for each age group defined previously but now also for each level
of financial literacy f = {low, medium, high}. Thus:

¯̂Θa, f (η) =
1
|a|∑t∈a

∑
i∈ f

ωiΘ̂i,t (η) , Θ̂ = {τ, LTV} .

This yields 19 simulated moments. Similarly, the set of 13 parameters η = {µ( fi), σ( fi), $( fi), δ( fi), β}
is estimated to minimize the mean of the square error of the 19 simulated moments ˆ̄θa, f

with respect to their empirical counterpart Θ̄a, f :

η̂SMM = argmin
η

1
19

 ∑
Θ∈{τ,LTV}

∑
a∈{y,m,o}

∑
f∈{low,med,high}

(
Θ̄a, f − ˆ̄Θa, f (η)

)2
+ (w̄− ˆ̄w (η))

2


C.1 Standard Errors

We estimate the standard errors of the estimaed SMM parameters based on the seminal
work of Pakes and Pollard (1989). Given a data sample of size n, denote the set of targeted
moments as Mn and the model simulated moments as S(η). Hence, the problem can be
rewritten as:

η̂SMM = argmin
η

(Mn − S(η))′(Mn − S(η))

Denote by J the Jacobian matrix of the function η :−→ S(η) and n.s the number of
observations simulated with the model. Moreover, denote as Ω the asymptotic variance
of Mn. Then, it can be shown that:

√
n(η̂ − η)

d−→ N
(

0, (1 +
1
s
)(J′ J)−1 J′ΩJ(J′ J)−1

)
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We compute J numerically by calculating small changes of the function η :−→ Sn(η)

at η = η̂. Furthermore, we estimate Ω by bootstrap. With this, the asymptotic variance of
η̂ is:

Var(η̂) =
1
n
(1 +

1
s
)(J′ J)−1 J′Ω̂J(J′ J)−1
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