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Abstract

This paper studies the role of financial literacy in housing choices. We document that

households who are more financially literate are more likely to become homeowners

and take on more levered positions to finance their home acquisition. We then develop

a heterogeneous agent portfolio choice model with housing and financial literacy to

infer the mechanisms that underlie the empirical patterns. We find that households

with higher financial literacy expect higher risk-adjusted returns on their housing in-

vestments and access advantageous mortgage financing. Our analysis points to an

important limitation of standard models of portfolio choice with housing that do not

incorporate heterogeneity in financial literacy. These models overestimate the impact

of wealth and income on housing choices, and as a result, overestimate the impact of

housing policies that aim to promote homeownership and mitigate inequality. Incor-

porating financial literacy substantially mitigates these biases.
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1 Introduction

Buying a home and taking a mortgage are two of the most important financial decisions
households make throughout their life. Home equity is the single largest asset on U.S.
households’ balance sheets, and mortgages are the single largest liability (Survey of Con-
sumer Finances, 2022). At the same time, homeownership and mortgage choices are com-
plex and multidimensional financial decisions. Lack of financial sophistication might
therefore prevent households from making these decisions wisely. Given how conse-
quential housing is for households’ wealth accumulation, lack of financial literacy can
have significant implications on households’ financial wellbeing. Moreover, public poli-
cies that aim to promote homeownership might not be effective if targeted households
lack financial sophistication.

This paper studies the role of financial literacy in households’ housing choices. Ex-
ploiting a novel feature of the 2016 Survey of Consumer Finances (SCF), we document
that financial literacy is an important driver of housing choices. Individuals with 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 home acquisition. We address
the potential endogeneity of financial literacy to housing choices in two ways. First, we
show that the relationship between financial literacy and housing choices is economically
and statistically robust to a host of potential confounding factors such as income, wealth,
education, and attitudes towards risk. Second, we employ an instrumental variable ap-
proach where we instrument financial literacy with sources of variation that pre-date the
household’s experience in the housing markets.

We note that our measure of financial literacy is a self-assessed one. In particular, re-
spondents in the SCF are asked to self-assess how financially knowledgeable they are.
We focus on self-assessed financial literacy, rather than alternative objective measures of
financial literacy, because we find that it is more predictive of housing choices. One po-
tential explanation for this result is that self-assessed financial literacy better reflects an
individual’s true financial literacy relative to what an econometrician can assess using a
limited set of objective questions. Alternatively, individuals’ self-assessed financial liter-
acy might be biased relative to their true literacy level. Regardless, our analysis shows
that individuals make housing choices based on their subjective beliefs regarding their
financial literacy.

We then ask what are the mechanisms through which self-assessed financial literacy
shapes households’ housing choices. We consider two natural candidates. First, house-
holds that differ in their self-assessed financial literacy might have access to different
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mortgage terms. This would be the case, for example, if households who self-assess as
more financially savvy are in fact better at searching and negotiating for advantageous
mortgage terms. Second, households with different levels of self-assessed financial lit-
eracy might hold different expectations on future house prices. This could reflect either
differences in households’ true ability to search for better investment opportunities or
differences in their subjective beliefs regarding the evolution of future house prices.

To examine the role of the different mechanisms in explaining the observed variation
in housing choices, we solve a standard life-cycle dynamic-stochastic model of portfo-
lio choice with housing (Campbell and Cocco, 2003; Cocco, 2004; Yao and Zhang, 2005).
Households can consume housing services by owning or renting. One the one hand, buy-
ing a house requires incurring a larger upfront cost. Households can borrow to finance
their home acquisition, but borrowing is subject to a collateral constraint and requires
paying a mortgage spread over the risk-free rate. On the other hand, owning allows
households to capitalize on house price appreciation while renters can only save in a
risk-free asset. The decision whether to rent or own depends on households’ resources,
age, the mortgage terms they are offered, and their expectations on future house prices.

The key new feature in the model is that we incorporate heterogeneity in financial lit-
eracy. We model financial literacy as a state variable that governs expectations regarding
future house prices and mortgage financing opportunities. Namely, the expected mean
and variance of the idiosyncratic shock to future house prices, the mortgage spread, and
the collateral constraint can depend on the household’s financial literacy. We assume
that financial literacy is fixed. The assumption is made for two reasons. First, the cross-
sectional nature of our data prevents us from observing any dynamics associated with
financial literacy. Second, our focus is on how financial literacy impacts housing choices,
not on how financial literacy evolves as a result of housing choices. A concern with this
assumption is that financial literacy might be learned through homeownership or mort-
gage experience. If this is the case, and if households internalize these dynamics when
making housing decisions, then our model does not capture households’ decision making
in the data. However, in the data, households trade houses and take mortgages only very
infrequently (e.g. due to large fixed transaction costs). This suggests that learning-by-
doing, or more generally the evolution of future financial literacy plays only a minimal
role in households’ contemporaneous housing decisions. Moreover, to further ensure
that our results are robust to any potential dynamics of financial literacy, we employ an
estimation strategy that requires only an infinitesimally short simulation period.

We quantify the model using SCF micro data on balance sheets, income, and demo-
graphic characteristics of a representative sample of U.S. households. We categorize
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households into three groups based their self-assessed financial literacy: low, interme-
diate and high. We estimate four groups of parameters: 1) the expected mean of the
idiosyncratic shock to house price growth, 2) the expected volatility of this shock, 3) the
minimum collateral requirement, and 4) the mortgage spread. Each of these parameters
can depend on the household’s financial literacy. We estimate the parameters using a
Simulated Method of Moments design. The data moments we target are homeowner-
ship rates and loan-to-value (LTV) ratios across the three groups of self-assessed financial
literacy and across the life cycle.

The model closely accounts for the empirical relationship between self-assessed finan-
cial literacy and housing choices. As in the data, households with higher self-assessed
financial literacy are more likely to be homeowners and they take on larger mortgages
relative to the value of their house. As in the data, the relationship is economically and
statistically robust to a host of potential confounding factors such as income, wealth, and
education. We further validate our model by showing that, despite only targeting the
unconditional correlation between financial literacy and housing choices, the model also
matches well the correlation conditional on income, wealth and age. While there might
be additional dimensions of heterogeneity that can rationalize the data, we focus on the
two that are arguably most intuitive - mortgage terms and house price expectations. Our
results should be interpreted as evidence that heterogeneity along these dimensions can
account for the empirical relationship.

The estimation suggests that households with higher self-assessed financial literacy
face more attractive mortgage terms. The mortgage spread and minimum collateral con-
straint are estimated to be decreasing with financial literacy. Households with higher
self-assessed financial literacy are also estimated to have more optimistic expectations on
future house price growth. They expect the idiosyncratic shock to house price growth to
be drawn from a distribution with a higher mean and lower standard deviation.

In terms of identification, differences in borrowing conditions are mostly identified by
differences in homeownership rates in the data. Intuitively, the stringency of the collat-
eral constraint governs to degree to which young, resource-constrained, households can
access the owner-occupied market. The mortgage spread matters relatively more for the
tenure decision of middle-aged and older households. These households expect their in-
come to decline, would therefore like to save, but many of them still have outstanding
mortgages on their homes. The extent to which they are willing to continue paying off
their mortgage, instead of selling and becoming renters, largely depends on the cost of
debt. Differences in expectations on future house prices are mostly identified from the
cross-sectional variation in loan-to-value ratios. For households who choose to own, the
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return they expect on the housing asset governs how much they choose to lever. The
expected volatility of the shock to house prices matters relatively more for the leverage
decision of older households, for whom the net present value of the non-risky component
of income is lower, while the expected mean of the shock matters relatively more leverage
choices of young households.

Which of the two mechanisms is more important for explaining the empirical rela-
tionship between self-assessed financial literacy and housing choices? To answer this
question, we consider two variants of our model. In the first, we shut off heterogeneity
in expectations and continue to allow heterogeneity in borrowing conditions. In the sec-
ond, we consider the analog case where only heterogeneity in expectations is allowed.
When heterogeneity in expectations is shut off, the model’s fit to the relationship be-
tween financial literacy and housing choices is dampened for older households, but not
for younger households. In contrast, when heterogeneity in borrowing conditions is ig-
nored, the model’s fit to the data deteriorates more for younger households relative to
middle-aged and older households. We conclude that heterogeneity in expectations mat-
ters relatively more for explaining the link between financial literacy and housing choices
among middle-aged and older households, while heterogeneity in borrowing conditions
is more important for accounting for the cross-sectional variation among younger house-
holds. Intuitively, borrowing conditions matter more for housing choices at the beginning
of life, when households tend to borrow, and expectations on house price appreciation
matter more later in life, when households are more prone to save.

Our analysis suggests that households that have a higher self-assessed financial liter-
acy expect a better risk-adjusted return on housing investments. Do these expectations
reflect households’ true ability to search for better investment opportunities or rather
over-optimism? In other words, does self-assessed financial literacy proxy objective fi-
nancial sophistication or rather distorted beliefs? In the baseline model, we assume the
former. Namely, differences in expectations are aligned with the true distributions from
which future house prices are drawn. To test whether distorted beliefs can explain the
empirical patterns, we consider an alternative model where we allow for heterogeneous
expectations but in which shocks to future house prices are drawn from a distribution
that does not depend on self-assessed literacy. We find that the fit of the alternative model
with respect to the data deteriorates. This suggests that self-assessed financial literacy is
a proxy for objective financial literacy.

Our analysis points to an important limitation of standard models of portfolio choice
with housing that do not incorporate heterogeneity in financial literacy. Namely, the stan-
dard model substantially over-estimates the correlations between housing choices and

5



wealth, income, and age relative to the data. To see this, we solve a benchmark portfolio
choice model with housing where heterogeneity in financial literacy is ignored. The cor-
relations between housing choices and wealth, income, and age are key moments from
a policy perspective. By overestimating these correlations, the standard model overesti-
mates the role of income, wealth, and age in driving the observed housing inequality. As
a result, it overestimates the impact of means-tested public policies that aim to promote
homeownership and mitigate inequality. By incorporating heterogeneity in financial lit-
eracy, our model substantially reduces these biases.

To illustrate the importance of accounting for heterogeneity in financial literacy, we
estimate the effects of housing policies in both our model and in the benchmark model
without financial literacy. The exercise allows us to quantify the bias in policy evaluation
that arises if we abstract from heterogeneity in financial literacy. The particular policy we
focus on is a shock to households’ wealth. The wealth shock proxies means-tested policies
that are designed to encourage homeownership, for example income transfers or subsi-
dies towards downpayment. We find that the impact of a wealth shock on homeowner-
ship is downsized by approximately 40% when we incorporate heterogeneity in financial
literacy. By incorporating heterogeneity in financial literacy, our model yields attenuated
(and more precise) estimates of how wealth impact households’ housing choices, and as
a result leads to attenuated (and more reliable) policy evaluations. More broadly, our
results highlight that documenting heterogeneity in financial decision making and in-
corporating this heterogeneity into structural models is important for understanding the
impact of economic policies (Gomes, Haliassos and Ramadorai, 2021).

Related Literature

Our paper relates to a large literature in household finance that studies the role of fi-
nancial literacy in household decision making.1 In a seminal paper, Lusardi and Mitchell
(2007) document that financial literacy can explain observed differences in retirement sav-
ings across households. Financial literacy has also been linked to a host of other favor-
able financial outcomes such as stock market participation (Calvet, Campbell and Sodini,
2007; Van Rooij, Lusardi and Alessie, 2011), wealth accumulation (Van Rooij, Lusardi and
Alessie, 2012; Jappelli and Padula, 2013), portfolio diversification (Guiso and Jappelli,
2008; Gaudecker, 2015), and avoidance of common investment mistakes (Calvet, Camp-
bell and Sodini, 2009). Financial literacy has also been shown to play a role in housing
markets. Households that are more financially literate are more likely to optimally de-

1See Lusardi and Mitchell (2014) for a review.
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cide whether to buy points (Agarwal, Ben-David and Yao, 2017), whether to take a fixed-
rate or an adjustable-rate mortgage (Guiso et al., 2022), and whether to refinance their
mortgage (Keys, Pope and Pope, 2016). They are are more likely to become homeowners
(Gathergood and Weber, 2017).

Our contribution to this literature is twofold. First, we develop the first theory of fi-
nancial literacy in the housing markets. We build on the standard life-cycle dynamic-
stochastic model of portfolio choice with housing (Campbell and Cocco, 2003; Cocco,
2004; Yao and Zhang, 2005) and augment it with heterogeneity in financial literacy. The
advantage of our structural approach is that it allows us to examine the mechanisms that
underlie the empirical relationship between financial literacy and housing choices. It also
allows us to examine how the effectiveness of housing policies depends on the distri-
bution of financial literacy in the population. Delavande, Rohwedder and Willis (2008),
Jappelli and Padula (2013) and Lusardi, Michaud and Mitchell (2017) develop theoretical
models of financial literacy and portfolio choice, but abstract from housing.

Our second contribution is to evaluate the role of self-assessed financial literacy in hous-
ing choices. The literature typically uses objective measures of literacy. Such measures
include, for example, the ability to compute compound interest, comprehend percent-
ages, distinguish between nominal and real interest rates, and perceive the benefits of
diversification (Lusardi and Mitchell, 2007; Hastings, Madrian and Skimmyhorn, 2013).
In contrast to these test-based measures, we focus on self-assessed financial literacy. Self-
assessed literacy refers to individuals’ beliefs regarding their own financial literacy. Self-
assessed financial literacy has been shown to predict credit card usage (Allgood and
Walstad, 2013), retirement savings (Parker et al., 2012), and portfolio choice (Van Rooij,
Lusardi and Alessie, 2011; Allgood and Walstad, 2013). We find that self-assessed literacy
is a robust predictor of housing choices. Importantly, we show that self-assessed financial
literacy is more predictive of housing choices relative to the traditional objective literacy
measures. Through the lens of our model, we infer that self-assessed financial literacy
largely proxies true financial literacy. These results suggest that, relative to traditional
test-based measures, asking individuals to self-assess their own financial literacy might
be a more accurate (and perhaps more manageable) method to measure their true finan-
cial literacy.

Given the importance of housing for households’ wealth accumulation, understand-
ing the determinants of housing choice is of first order importance. Indeed, a voluminous
literature has examined, for example, the role of credit and liquidity constraints (Camp-
bell and Cocco, 2003; Yao and Zhang, 2005; Ortalo-Magne and Rady, 2006; Greenwald
and Guren, 2024), age, income and wealth (Cocco, 2004; Adelino, Schoar and Severino,
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2016), mobility (Stanton and Wallace, 1998), expectations (Glaeser and Nathanson, 2017;
Bailey et al., 2019; Kuchler and Zafar, 2019; Gargano et al., 2023; Kuchler et al., 2023),
peer effects (Bailey et al., 2018) and race and ethnicity (Charles and Hurst, 2002; Fuster
et al., 2022; Bartlett et al., 2022) in explaining the observed variation in ownership and
mortgage choices across households. We contribute to this literature by studying how
financial literacy shapes households’ housing decisions.

Finally, our paper relates to the literature on housing market expectations (see Kuch-
ler, Piazzesi and Stroebel (2023) for a review). A main strand of this literature focuses on
uncovering the determinants of housing market expectations. Recent house price devel-
opments (Case and Shiller, 1988; Armona, Fuster and Zafar, 2019), personal experience
(Kuchler and Zafar, 2019), social interactions (Shiller, 2007; Bailey et al., 2018) and own-
ership status (Kindermann et al., 2021) have been linked to individuals’ housing market
expectations. We contribute to this literature by documenting a link between financial lit-
eracy and housing market expectations. Using our structural model, we infer that house-
holds that self-assess themselves as more financially literate hold more optimistic expec-
tations on house price growth. Our findings suggest that housing market expectations,
which are unobservable (Kuchler, Piazzesi and Stroebel, 2023), can be elicited based on
individuals’ self-assessed financial literacy.

The paper proceeds as follows. Section 2 presents stylized facts relating self-assessed
financial literacy to individuals’ housing choices. Section 3 introduces a heterogeneous
agent life-cycle model of optimal portfolio choice with housing that can rationalize these
facts. Section 4 discusses the model estimation. Section 5 uses the quantified model to
study the mechanisms through which self-assessed financial literacy impacts housing
choices. Section 6 evaluates the importance of incorporating heterogeneity in financial
literacy in an otherwise standard portfolio choice model. Section 7 concludes.

2 Facts

We begin by analyzing the relationship between financial literacy, homeownership, and
mortgage choices. The 2016 SCF wave offers a novel approach to measuring financial
literacy and relating it to housing choices. 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 raw SCF data on self-assessed financial literacy and housing market
outcomes. The proportion of households who own a house is illustrated in the left panel
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and the ratio of collateralized debt to house value for home owners is plotted on the
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: Financial Literacy in the Housing Markets

Notes: SCF data. Each dot represents the average homeownership rate (left panel) or loan-to-value ratio (right panel) conditional
on self-assessed financial knowledge. Home-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.

Table 1 provides descriptive statistics on the relationship between self-assessed fi-
nancial literacy and additional socioeconomic characteristics. For ease of representation,
households are classified into one of three groups according to whether they self-assess
their financial literacy to be low (0-4 on scale, denoted by “Low FL”), intermediate (5-7,
“Intermediate FL”) or high (8-10, “High FL”).2 Households that self-assess themselves to
be more financially literate are more educated. They also score higher in finance related
questions that are often used to measure objective financial literacy.3 This result is in

2While 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.

3We define the financial literacy score 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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line with previous work that finds a positive correlation between subjective and objective
measures of financial literacy (Lusardi and Mitchell, 2011; Parker et al., 2012). House-
holds with higher levels of self-assessed financial literacy report that they are willing to
take on more risk, are more likely to use financial advisories, tend to participate more in
the stock markets, are more likely to be males, and are wealthier.

Controlling for Confounders

As illustrated by Table 1, financial literacy is correlated with individual characteristics
that might also be correlated with mortgage and homeownership choices. If this is the
case, the positive correlation between financial literacy and homeownership and leverage
documented in Figure 1 might be spurious. To address this concern, we begin by showing
that the relationship between self-assessed financial literacy and housing choices is robust
to controlling for a host of potential confounders. Namely, we specify the following linear
model:

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

where Yi is the outcome of interest. For homeownership, the model we estimate is
a logit model, and for LTV we specify an OLS model. 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 households that self-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 objective financial literacy and dummies for usage of financial advisers when
investing and borrowing. εi is the normally distributed error term.4

Table 2 reports the estimated coefficients. Consistent with Figure 1, the first (second)
column shows that the unconditional correlation between financial literacy and home
ownership (LTV) is positive. As illustrated in the figure, differences in ownership rates
are more stark than differences in loan-to-value ratios. Households who self-report high
levels of financial literacy are more likely to own a house relative to those in the inter-
mediate range (the change in odds ratio is 1.64), which are in turn more probable to be
owners relative to those self-selecting to the low category (by an estimated change in odds

4In 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

Objective 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 Advisories: Borrowing 0.40
(0.49)

0.52
(0.50)

0.59
(0.49)

Use of Advisories: 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 classified into three groups according to their self-assessed financial literacy: 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. The “Gender” row reports 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).
The objective financial literacy score is measured as the number of correct answers to the three questions specified in footnote 3. 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 household 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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ratio of 2.24). Conditional on owning a house, the loan-to-value ratio of low (high) types
is 7.9% (2.5%) lower (higher) than that of the benchmark intermediate group.

Columns 3-4 then add demographic controls, as well as education attainment levels.5

Indeed, the magnitude of the relationship between self-assessed financial literacy and
housing outcomes is weakened. However, the coefficients βlow and βhigh are still econom-
ically and statistically significant. To interpret the sizable coefficients, the intermediate
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 suggests that,
controlling for age, wealth, income, education and gender, financial literacy is an eco-
nomically and statistically significant predictor of homeownership and leverage.

In columns 5-6, we also control for the usage of financial intermediaries and for house-
holds’ objective financial literacy. If self-assessed literacy and the traditional objective
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 objective measures
are not as powerful in predicting home ownership as the self-assessed measure. Impor-
tantly, the way people self-assess their financial literacy matters more for housing market
outcomes. This result motivates us to focus our analysis on self-assessed financial liter-
acy, rather than on objective literacy measures. Finally, in columns 7-8 we also control for
households willingness to take risk. The results show that self-assessed financial literacy
does not simply proxy risk preferences.6

IV Model

Table 2 shows that the relationship between financial literacy and housing choices is ro-
bust to a host of potential confounders. However, financial literacy might still be endoge-
nous to housing choices. First, there might be reverse causality between financial literacy
and housing choices. This would be the case, for example, if individuals learn from tak-
ing on a mortgage and buying a house and as a result gain financial literacy. Second,
financial literacy might be correlated with unobserved individual characteristics that also
affect mortgage and homeownership choices. Ignoring the endogeneity of financial liter-
acy can result in biased estimates of the effect of financial literacy on housing choices (e.g.
Lusardi and Mitchelli, 2007).

5We also control for wealth quartiles and an age polynomial.
6For further robustness, we also consider additional variations of the regression Equation 1. Namely,

we estimate the model using the continuous version of our literacy measures, as well as using different
divisions of households into literacy categories. We also interact financial literacy with model covariates
variables to allow for differential relationships with respect to housing market outcomes. We also consider
controlling for participation in the stock market and for equity shares. Results are quantitatively similar.
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Table 2: Prediction Regressions: Financial Literacy in the Housing Markets

(1) (2) (3) (4) (5) (6) (7) (8)

Ownership LTV Ownership LTV Ownership LTV Ownership LTV

Self-assessed 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)

log(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)

log(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)

Objective Fin. Lit.

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 21, 312 13, 966 21, 312 13, 966 21, 312 13, 966 21, 312 13, 966

R2 0.055 0.048 0.414 0.384 0.417 0.389 0.418 0.489
Notes: 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. *** denotes significant at 1%; ** denotes
significant at 5%; * denotes 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 control variables are self-assessed
financial literacy (low, high), education level (high school, some college, bachelors), age, gender, ln(wealth), ln(income), objective
financial literacy questions (inflation, interest rate, diversification), use of advisories (borrowing, investing) and self-assessed financial
risk. Not all controls are shown.
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To address the potential endogeneity, we employ an instrumental variable approach.
A valid instrument is correlated with individuals’ financial literacy but, conditional on all
other observables, is not correlated with other characteristics that affect housing choices.
The empirical literature on financial literacy has established a wide set of instruments for
financial literacy, for example parental education ((Van Rooij et al., 2011), mathematical
abilities in primary/high school (Jappelli and Padula, 2013; Gathergood and Weber, 2017)
and whether an individual studied finance or economics in school (Lusardi and Tufano,
2015). A desired feature of these instruments is that they are determined before individ-
uals make financial decisions, thereby eliminating any bias due to reverse causality.

We follow Van Rooij et al. (2011) and instrument financial literacy with parental educa-
tion. Since we have two endogenous variables in Equation 1, FKlow and FKhigh, we define
two instrumental variables: a dummy that is equal to one if the respondent’s mother did
not complete high-school (denoted by momlow), and a dummy that is equal to one if the
respondent’s mother completed college education (denoted by momhigh).7 Our IV model
is given by Equation 1 and by the following two first stage equations:

FKhigh,i = γlowmomlow,i + γhighmomhigh,i + ΓXi + ϕi,

FKlow,i = λlowmomlow,i + λhighmomhigh,i + ΛXi + νi, (2)

where X includes all the covariates from Equation 1.
We estimate Equations 1 and 2 jointly by maximum likelihood. For homeownership,

the model we estimate is a IV-probit model. For LTV, we estimate a linear IV model. The
first stage estimations are shown in Appendix A.1. In both specifications, the instrument
momlow (momhigh) is statistically significant in the first stage equation for FKlow (FKhigh).
Since we have two endogenous variables and two instruments, we compute the Cragg
and Donald (1993) F-statistic. For the LTV specification, we find that it is higher than the
Stock and Yogo (2005) critical value at the 10% significance level. For the homeownership
specification, we find that it is higher than the Stock and Yogo (2005) critical value at the
15% significance level. This suggests that our instruments perform well in the first stage.

The second stage results are shown in Table 3. The first column shows that higher
financial literacy increases the likelihood to become a homeowner. The estimated co-
efficients on FKlow and FKhigh are statistically significant at the 1% and 10% level. In
term of interpretation, a one standard deviation increase in the first-stage predicted value

7We have experimented with instruments defined based on the father’s education and have found them
to be weaker than those based on the mother’s eduction.
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of FKlow (FKhigh), which is equal to 0.0404 (0.0960), leads to a 0.0404 × 3.01 = 12.14
(0.0960× 0.986 = 9.46) percent decrease (increase) in the likelihood to be a homeowner.
The second column shows that, conditional on homeownership, low financial literacy de-
creases LTV. Namely, a one standard deviation increase in the first-stage predicted value
of FKlow lowers LTV by 0.0404× 3.01 = 3.94 percent. The coefficient on FKlow is statisti-
cally significant at the 1% level.

Table 3: IV Regressions: Financial Literacy in the Housing Markets

(1) (2)

Ownership LTV

Self-assessed Fin. Lit.

Low −3.01∗∗∗
(0.901)

−0.976∗∗∗
(0.362)

High 0.986∗
(0.589)

−0.051
(0.136)

No High-School −0.176∗∗∗
(0.043)

−0.021∗∗∗
(0.007)

Covariates

High-School −0.196∗∗∗
(0.040)

−0.011
(0.007)

Age 0.004
(0.006)

−0.011∗∗∗
(0.001)

Male 0.018
(0.029)

−0.022∗∗∗
(0.007)

log(wealth) 0.071
(0.115)

−0.095∗∗∗
(0.007)

log(income) −0.054∗∗∗
(0.016)

0.134∗∗∗
(0.005)

Inflation −0.033
(0.067)

−0.022
(0.019)

Interest Rate −0.126∗
(0.0.069)

−0.083∗∗∗
(0.020)

Diversification −0.101
(0.065)

−0.079∗∗∗
(0.021)

Ad. Borrowing −0.024
(0.036)

0.001
(0.001)

Ad. Investing −0.305
(0.027)

0.007
(0.007)

Self. Ass. Fin. Risk −0.045∗∗∗
(0.005)

0.002
(0.004)

Observations 21, 312 13, 966

Cragg-Donald F-Statistic of First Stage 5.43 9.00

Prob > chi2 / F 0.001 0.000
Notes: This Table shows results from an instrumental variable probit model for homeownership (Column 1) and from a linear instru-
mental variable model for LTV (Column 2). First stage results are shown in Appendix A.1. *** denotes significant at 1%; ** denotes
significant at 5%; * denotes significant at the 10% level. Not all controls are shown.

Overall, the results in this section suggest that households with higher self-assessed
financial literacy are more likely to become homeowners and borrow more against the
value of their house. The relationship between financial literacy and housing choices is
economically and statistically robust to a host of observable confounders. Our IV ap-
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proach alleviates the concern of reverse causality. We acknowledge that our IV approach
has limitations. Namely, we do not control for all forms of endogeneity and, even though
we control for a host of observed characteristics, unobserved characteristics might still
explain some of the relationship between financial literacy and housing choices.

3 Model

Motivated by the empirical patterns, we now ask what are the channels through which
self-assessed financial literacy shapes homeownership and mortgage choices. We con-
sider two intuitive candidates. First, households reporting higher levels of financial lit-
eracy might search for better mortgage terms, thereby paying lower interest rates on
their mortgages and facing laxer collateral requirements. Second, expectations on fu-
ture house values might be important. Households with different self-assessed financial
literacy might expect different risk-return trade-offs in the housing markets, either due
to access to different types of investment opportunities or due to distorted beliefs. While
there might be other dimensions of household heterogeneity that can rationalize our em-
pirical findings, we focus on those which are arguably most intuitive - mortgage terms
and house price expectations. To examine the role of the different mechanisms in explain-
ing the observed relationship between financial literacy in housing choices, we solve a
standard heterogeneous life-cycle model of portfolio choice with housing. The key novel
feature of the model is that we introduce heterogeneity in financial literacy.

3.1 Household Problem

Households live for a finite number of periods A. Time is discrete and indexed by t.
Household age at time t is denoted by at. The probability of survival from period t− 1 to
period t is λat , and λaA+1 = 0. Household i enters the model with financial literacy fi. We
assume that financial literacy is fixed. The assumption is made for two reasons. First, the
cross-sectional nature of our data prevents us from observing any dynamics associated
with financial literacy. Second, our focus is on how financial literacy impacts housing
choices, not on how financial literacy evolves as a result of housing choices. A concern
with this assumption is that financial literacy might be learned through homeownership
or mortgage experience. If this is the case, and if households internalize these dynamics
when making housing decisions, then our model does not capture households’ decision
making in the data. However, in the data, households trade houses and take mortgages
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only very infrequently (e.g. due to large fixed transaction costs).8 This suggests that
learning-by-doing, or more generally the evolution of future financial literacy plays only
a minimal role in households’ contemporaneous housing decisions. Moreover, to further
ensure that our results are robust to any potential dynamics of financial literacy, we em-
ploy an estimation strategy that requires only an infinitesimally short simulation (Section
4.3.1).

Income

Households face both idiosyncratic and aggregate income shocks. In each period until
retirement at age a = Ret, households are endowed with labor income Yt that follows an
exogenous stochastic process. Following Cocco, Gomes and Maenhout (2005), the income
process before retirement is given by:

logYt = f (at) + logYt + logŶi
t + ut, (3)

where f (at) 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 household
income as:

εŶ
t = εt + ε̂i

t ∼ N(0, σ2
Ŷ
).

Following retirement, households receive a constant fraction θRet of their income in the
period prior to retirement.9

Preferences and Choices

Each period, households choose the amount of housing services St and numeraire con-
sumption Ct. Lifetime utility is given by:

8In the U.S., the typical homeowner owns only one house and remains in its house for roughly 12.3 years
(Census, 2023)

9We assume the income process does not depend on financial literacy. This is motivated by the fact that
financial literacy is an important predictor of housing choices even after controlling for income (Section 2).
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{
A
∑

t=0
βt

[(
t

∏
j=0

λaj

)
λat+1u(Ct, St) +

(
t

∏
j=0

λaj

)
(1− λat+1)Dt

]}
,

where Dt is the bequest utility in case of death and u(Ct, St) is the per-period utility.
Households can consume housing services in two ways: by renting or by owning a

house. Denote by τt ∈ {0, 1} the tenure choice at time t, with τt = 1 indicating ownership.
A house of quality Ht provides housing services according to the linear technology:10

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 the household’s total wealth in period t, Wt, as well as house prices, and is given
by:

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, namely the normalization by house prices, is
chosen to ensure value function homogeneity.

Houses and Prices

Households can rent each quality unit of housing for a price Pr
t . The per-period cost of

renting a house of quality Ht is therefore Pr
t Ht. For homeowners, houses serve not only

as a consumption good but also as an asset. Each quality unit of the housing asset sells
for a price of Pt. The house price of a house of quality Ht is therefore PtHt. House prices
are subject to aggregate risk. Specifically, the price per quality unit of housing follows a
random walk in logs:

log(Pt) = log(Pt−1) + εP
t ,

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, at)Ht and
φ(τt, at) = 1 + (1 − τt)e−κat . 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 prefer-
ence.
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where εP
t ∼ N(dP, σ2

P) and dP is the deterministic drift in house price growth. We assume
that the vector of shocks to 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 the price per quality unit of housing might hence be contempo-
raneously correlated with permanent shocks to income.

House prices are also subject to idiosyncratic risk. Specifically, the quality of an owner-
occupied home, Ht, is itself stochastic 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. Thus, the evolution of the house price,
PtHt, depends on (1) the aggregate shock to the price per quality unit of housing and (2)
on the idiosyncratic shock to the quality of housing. The latter can depend on the financial
literacy of the household that owns it. It is useful to note that the return on a house that
is owned by household i is given by:

Pt+1Ht+1 − PtHt

PtHt
= exp

(
εP

t+1

)
(1 + gi,t+1)− 1.

Our model echoes the idea that households with higher financial literacy may have ac-
cess to better investment opportunities in the housing markets, due to, e.g., sophisticated
search skills. We model this form of heterogeneity by allowing both the mean and volatil-
ity of the distribution of idiosyncratic shocks to house prices to differ by literacy. Note
that in the baseline model, expectations on future house prices are aligned with the true
distribution of returns. That is, to the extent that households with different levels of self-
assessed financial literacy hold different expectations, this reflects true fundamental dif-
ferences in investment opportunities. In an alternative specification of the model, we con-
sider a case where heterogeneous expectations on future house prices reflect differences
in beliefs across households with different self-assessed literacy, but where realizations
of returns are drawn from a common distribution (Section 5.3). That is, beliefs might be
distorted. We find that the benchmark model is better at explaining the housing choices
in the data, suggesting that self-assessed financial literacy proxy true financial savviness.

Collateral Constraints and Default

Households are allowed to save 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
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financial-literacy dependent interest rate spread of $( fi) > 0, appealing to the possibility
that financially literate households might search and negotiate for cheaper credit. Bor-
rowing is also subject to a collateral constraint. Only homeowners can borrow, and they
can borrow up to a ratio of (1− δ( fi)) of the value of their house. The collateral constraint
can therefore vary across different levels of financial literacy, alluding to the possibility
that financially literate households might have access to larger credit. Denote by Bt ≥ 0
savings and by Bt < 0 borrowing. The collateral constraint is given by:

Bt ≥

0 τt = 0

− [1− δ( fi)] PtHt τt = 1
. (4)

Budget Constraints

When specifying the budget constraint, we distinguish between two cases: households
that have rented in the previous period and households that were owners in the previous
period. For simplicity, we assume the rental price per quality unit of housing is pegged
to the selling price per quality unit, that is Pr

t = αPt.

Case 1: Previous Renters

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

Ct + Bt + PtHt

{
(1− τt)α + τt (1 + ψ)

}
= RBt−1 + Yt, (5)

where ψ accounts for the proportional maintenance cost that an owner must incur every
period to offset depreciation. A previous renter enters the period with total wealth (or
“cash-on-hand”) Wt, which is the sum of accrued savings and contemporary income. 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 how much housing to consume.

Case 2: Previous Owners

Previous owners choose whether or not to sell their house. If they sell, they choose
whether to rent or own and how much housing to consume. We denote the decision
of whether to sell or not by ξt = {0, 1}, where ξt = 1 indicates selling. A previous owner
who chooses to sell faces the following budget constraint:
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Ct + Bt + PtHt

{
(1− τt)α + τt (1 + ψ)

}
=[

R + 1{Bt−1<0}$( fi)
]

Bt−1 + Yt + (1− ν)Pt (1 + gi,t) Ht−1, (6)

where ν accounts for the proportional transaction cost that a seller incurs. A previous
owner who chooses not to sell faces the following budget constraint:

Ct + Bt + ψPt (1 + gi,t) Ht−1 =
[

R + 1{Bt−1<0}$( fi)
]

Bt−1 + Yt. (7)

The housing services for this household is St = (1 + gi,t) Ht−1. Finally, previous own-
ers might be hit by an exogenous moving shock, in which case they are forced to sell
their house. Moving shocks are i.i.d and drawn from a distribution that can depend on
age. Moving shocks capture life-cycle shocks that induce selling and which are not cap-
tured by the model. We denote the moving shock by Mt, where Mt = 1 indicates that the
household is forced to moved.

Bellman Equations

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

{
at, fi, Wt, Pt, τt−1, (1 + gi,t) Ht−1, Ŷt, Mt

}
the vector of household state

variables where Wt =
[

R + 1{Bt−1<0}$( fi)
]

Bt−1 + Yt, and Pt (1 + gi,t) Ht−1 is the realized
house price that owners can sell their house for. In addition, denote by Zt = {τt, Ht, Ct, Bt, ξt}
the household vector of choices. The following problem specifies the household value
function for households of age a < Ret− 1:11

V(at, fi, Wt, Pt, τt−1, (1 + gi,t) Ht−1, Ŷt, Mt) =

λatmax
Zt

{
u(Ct, St) + βEi

t[V(at + 1, fi, Wt+1, Pt+1, τt, (1 + gi,t+1) Ht, Ŷt+1, Mt+1)]
}
+

(1− λat)D(Wt, Pt), (8)

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

collateral constraint (Equation 4) and budget constraint (Equations 5-7).
The household problem can be solved by employing standard dynamic programming

methods. In order to reduce the state space dimensionality and efficiently compute the

11The Bellman equations for a ≥ Ret− 1 are given in Appendix B.
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policy functions, Appendix B presents a normalized and equivalent problem. The solu-
tion follows Landvoigt (2017) and relies on the homothetic nature of the problem.

3.2 Discussion

Our goal is use the model to quantify the role of expectations and mortgage terms in ex-
plaining the empirical relationship between financial literacy and housing choices (Sec-
tion 2). Note that our model is a partial equilibrium one - we do not model the supply
side of the economy or solve for equilibrium prices in the housing market. Rather, the
model solution yields households’ optimal tenure and mortgage choices as a function of
their state. We estimate the model parameters, namely 1) the expected idiosyncratic shock
to homeowners’ house prices, µ( fi); 2) the expected volatility of this shock, σ( fi); 3) the
mortgage interest rate spread, $( fi); and 4) the minimum collateral requirement, δ( fi), so
that optimal housing choices in the model match the housing choices that we observe in
the data. In what follows, we discuss which data moments are most important for the
identification of each of these parameters.12

Homeownership and Credit Conditions

Tenure decisions in the model are primarily driven by mortgage market parameters.
The collateral constraint is particularly important for explaining tenure choices of young
households. Intuitively, households with little wealth, and who tend to be younger, need
to borrow in order to buy a house. The collateral constraint governs the extent to which
they are able to do so. A stringent collateral requirement screens young households out of
the owner-occupied market. Moreover, young households are more prone to borrowing
since the deterministic life-cycle component of their income is upward slopping. How-
ever, the collateral constraint limits their ability to borrow. Relaxing the constraint there-
fore particularly impacts the young. To sum, the collateral requirement, δ( fi) is mostly
identified from differences in ownership rates across young households with varying de-
grees of self-assessed financial literacy.

Mortgage spreads are more important for the tenure choices of middle-aged and older
households. As in standard quantitative life-cycle models, the deterministic component
of household income in the model is hump-shaped. This means that middle-aged and
old households expect their future income to decrease and are therefore prone to save.
However, many of these households have yet to pay their off the mortgages that they

12Parameters are jointly estimated to match data moments using Simulated Method of Moments (SMM).
Nevertheless, it is useful to relate each parameter to the data target it affects most quantitatively.
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took on when they were younger. The extent to which they are willing to continue pay-
ing off their debt instead of saving (by selling their house and moving into a rental or
downsizing to a lower quality owner-occupied home), depends on how expensive it is
to continue owning. This in turn depends on how large the mortgage spread is. The
mortgage spread, $( fi) is therefore mostly identified from differences in ownership rates
across older households with varying degrees of self-assessed financial literacy.

Leverage and Expectations

While credit conditions are mostly identified by tenure decisions, expectations on future
house prices are mostly identified by leverage choices. Houses serve not only as a con-
sumption good but also as an asset that households can save in. Conditional on choosing
to buy a house of a certain value, households are more likely to lever more when they
expect the idiosyncratic shock to house price growth to be higher and less volatile. The
relative importance of the volatility of the shock vis-à-vis its expected mean depends on
households’ age. Namely, older households are relatively more sensitive to the volatility
parameter. This is because of their lower net present value of the non-risky component
of income, which makes their optimal portfolio choice more sensitive to increases in risk.
This is in contrast to younger households’, for whom the higher present value of the non-
risky component serves as a hedge. For these households, it is optimal to take on risk
even when the volatility is higher. To sum, the expected idiosyncratic shock to house
price for homeowners, µ( fi), and the expected volatility of this shock, σ( fi), are mostly
identified from loan-to-value ratios of homeowners with varying degrees of self-assessed
financial literacy.

4 Quantification

We quantify the model to the U.S. housing markets. It is helpful to group parameters
into two categories: those that are calibrated exogenously, and those that are estimated
internally to match the empirical relationship between financial literacy, housing tenure,
and mortgage choices.

4.1 Data

We quantify the model using the 2016 cross-section of the SCF. The data include infor-
mation on balance sheets, income, and demographic characteristics of a representative
sample of U.S. households. As discussed in Section 2, the measurement of self-assessed
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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 life-span consid-
ered 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 suitable 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 observations13. We define to-
tal 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 defined by the SCF as
the value of the primary residence. Mortgage debt for homeowners 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

The model is calibrated at annual frequency. Households enter the model at age 25 and
live until the age of 80. Table 4 reports the model parameters that we calibrate exoge-
nously. 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 strength of the bequest motive is estimated internally
and discussed below.

The income process is calibrated based on Cocco, Gomes and Maenhout (2005). The
deterministic part f (at) 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 life-cycle component has the usual hump shape. The annual standard deviation of
the permanent shock is set to 10.6%. The correlation between innovations to house price
and permanent income, σŶP, is set to zero based on Flavin and Yamashita (2002). θRet 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 2010-2019. We set the drift in house price growth to be

13Abstracting from the stock market in the model thus seems reasonable for the lower 90% of households.
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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. The volatility
of house price growth, σ2

P, is estimated internally and discussed below. 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 et al. (2008)
and Sommer et al. (2013). The maintenance cost accrued by homeowners 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 age-dependent moving probabilities using the 2010 Census data. To iden-
tify moving for reasons that are exogenous to our model (e.g. marriage, divorce) we use
the 2015 American Housing Survey which asks respondents for moving circumstances.
The life-cycle mobility shock is estimated to be downward sloping with age. Finally, sur-
vival rates λa are calculated from The National Center of Health Statistics mortality rates.

Table 4: Exogenous 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

Permanent shock volatility σ2
Ŷ

0.0106
Transitory shock volatility σ2

u 0.0738
Risk-free rate R 1.01

Drift in house price growth dP 0.005
Maintenance cost ψ 0.01
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. Our estimation strategy is discussed
in detail in Appendix C. In what follows, we provide a brief summary.

Denote the set of parameters to be estimated, which we specify below, by the vector
η. We begin by simulating a large number of I households from the SCF data in 2016.
For each sampled household, we observe the vector of its (normalized) state variables.
Given these state variables, given the exogenously calibrated parameters, and given a
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guess for η, we obtain each household’s optimal policies by solving the household prob-
lem. For each household, we then draw the permanent and transitory shocks to income,
the aggregate shock to the price per quality unit of housing, and the idiosyncratic shock
to house price growth. Together with the household policies, this maps the sample of
simulated households in 2016 to a sample of simulated households in 2017. We then esti-
mate η by minimizing (in an SMM fashion) the distance between the sample of simulated
households in 2016 and the sample of simulated households in 2017.

The estimation relies on two assumptions. First, since our data is not of panel struc-
ture, the observed households in 2016 are not followed into 2017. That is, we do not
observe the 2017 sample in the SCF data. Comparing the simulated samples in 2017 and
the simulated sample in 2016 thus assumes that the 2016 sample represents an invariant
distribution of households (up to the secular growth of prices and income). The second
assumption is that, consistent with the model, financial literacy does not evolve between
two consecutive periods. That is, the household’s financial literacy level in 2017 is un-
changed relative to 2016. Appendix C specifies the estimation procedure in more detail
and reports standard errors. In what follows we discuss the data moments we target and
the parameters we estimate.

4.3.2 Parameters and Moments

The parameters that we estimate internally include all the parameters that depend on
financial literacy: 1) the expected idiosyncratic shock to house prices for homeowners,
µ( fi); 2) the expected volatility of this shock, σ( fi); 3) the mortgage interest rate spread,
$( fi); and 4) the minimum down-payment requirement, δ( fi). The data moments we tar-
get in the SMM estimation are homeownership and loan-to-value moments. Specifically,
using the SCF data, we compute the homeownership rate and loan-to-value for young
households (those between the ages of 25 and 40), middle aged households (between the
ages 41 and 60), and old households (those older than 60). Each of these moments is fur-
ther broken down by the three types of self-assessed financial literacy. Overall, this gives
12 parameters and 18 moments.

In addition to the financial literacy dependent parameters, we also estimate the dis-
count factor β to match aggregate wealth in the data, the strength of bequest motives D
to match the average wealth at age 80, and the growth volatility of the price per-quality-
unit of housing, σ2

P, so that the growth volatility of house prices in the model is 15%. This
number reflects both idiosyncratic risk, which Landvoigt et al. (2015) and Case and Shiller
(1990) estimate to be between 9% and 15%, and aggregate housing risk which Flavin and
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Yamashita (2002) estimate to be between 5% and 9%.14

5 Results

Table 5 reports the estimation results. The results suggest that households that 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 subject to a more lenient
collateral constraint. Relative to households with low self-assessed literacy, those who
view themselves as highly literate face a 3 percentage points lower mortgage spread, and
can borrow about 6 precent more against the value of their house.

Table 5: Internally Estimated Parameters

Parameter Low Intermediate High
Literacy Literacy Literacy

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)

Coefficient of Variation σ̂( f )
µ̂( f ) 0.935 0.833 0.588

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)

Notes: Parameters are estimated by SMM , as described in Section 4.3.1. Standard errors, in parenthesis, are discussed in Appendix C.

Households with higher self-assessed financial literacy also have more optimistic ex-
pectations on future house price growth. Relative to households with low self-assessed
financial literacy, households with high self-assessed financial literacy expect the idiosyn-
cratic shock to house price growth to be drawn from a distribution with a higher mean
and lower volatility. While both the expected return and the volatility of the idiosyncratic
shock to house price growth is highest for households with intermediate levels of self-
assessed financial literacy, the coefficient of variation (CV), which measures how risky
the investment is, is decreasing with self-assessed financial literacy.

14In 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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5.1 Model Fit

Figure 2 shows the fit of our model to the data. The model is able to closely match the
stylized facts. As in the data, model-implied homeownership rates and loan-to-value ra-
tios are increasing with self-assessed financial literacy. Both in the data and in the model,
homeownership rates exhibit a steep slope in financial literacy for all age groups. As dis-
cussed in Section 3.2, the differences in homeownership rates across young households
with varying self-assessed financial literacy mostly identify the heterogeneity in collateral
requirements in the model. Differences in ownership rates across middle-income and
older households mostly identify the heterogeneity in mortgage spreads in the model.
Both in the model and in the data, differences across levels of financial literacy are less
stark when considering loan-to-value ratios, and shows up only for middle-aged and
old households. These leverage differences mostly identify heterogeneity in the expected
mean of the idiosyncratic shock to house price growth and the expected volatility of this
shock.

By fitting the data, our model suggests that heterogeneity in mortgage terms and in
expectations on future house prices can account for the empirical relationship between
financial literacy and housing choices. While there might be additional potential channels
that can rationalize our empirical findings, our focus is on those that are arguably the
most intuitive - mortgage terms and housing market expectations. We further validate
our model by showing that it also matches non-targeted moments that are important for
the relationship between financial literacy and housing choices. Namely, while the model
targets the relationship between financial literacy and housing choices unconditional on
income and wealth, it also closely matches the conditional correlation. This is illustrated
in Table 7, which regresses tenure and leverage choices in the model and in the data,
controlling for age, wealth and income. We discuss these results in more detail below.

5.2 Mechanisms

We have thus far shown that households that self-assess themselves as more financially
literate face laxer mortgage terms and expect better risk-return trade-offs in housing mar-
kets. But how important are each of these two mechanisms in generating the documented
stylized facts? To answer this question, we consider two variants of our model. In the
first, we shut off heterogeneity in expectations and continue to allow heterogeneity in
mortgage markets In the second, we consider the analog case where only heterogeneity
in expectations is allowed. We then ask how the fit of these models to the data compares
to the fit of the full model that allows heterogeneity along both dimensions.
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Figure 2: Full Model: Target and Model Generated Moments

Note: The figure compares model generated moments to SCF data moments. 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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We begin by evaluating a model in which households with different financial liter-
acy have access to different mortgage terms but have the same expectations on future
house prices. Namely, we simulate a model where we maintain the estimates of mort-
gage spreads $( fi) and minimum collateral requirement δ( fi) from Table 5, but set the
expected returns on the idiosyncratic shock to house prices, µ, and the expected volatility
of the shock, σ, to be equal across literacy types. Specifically, we use the average of µ( fi)
and σ( fi) from Table 5 (weighted by the relevant population shares). The results of this
exercise are illustrated in Figure A.1 in the appendix.

The main takeaway is that when heterogeneity in expectations are shut off, the fit of
the model with respect to the data becomes worse for the middle-aged and old, but actu-
ally slightly improves for the young. This can be seen in both housing market outcomes,
and across the three literacy types. This suggests that expectations matter for explaining
the link between self-assessed financial literacy and housing choices among older house-
holds, but less so for explaining the variation among young households. This is intuitive.
Ownership and leverage decisions of older households, who are less likely to be borrow-
ers, are mostly driven by the risk-return they expect in housing markets. Thus, when
heterogeneity in these expectations is shut off, the model’s ability to match the differ-
ences in housing choices across older households with different self-assessed literacy is
dampened. In contrast, the model ability to match differences across younger households
is unharmed, since younger households’ housing choices mostly depend on borrowing
conditions.

Next, we evaluate a model in which households that differ in their financial literacy
have different expectations on future house prices but face the same mortgage terms.
Namely, we simulate a model where we maintain the estimates µ( fi) and σ( fi) from Ta-
ble 5, but set $ and δ to their weighted average values. The results of this exercise are
given in Figure A.1 in the appendix. When heterogeneity in mortgage markets is shut off,
the fit of the model with respect to the data deteriorates slightly more for younger and
middle-aged households relative to older households. For example, for the middle-aged,
this model does worse in terms of matching both homeownership 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 be-
tween the two models. The results suggest that mortgage terms matter more for explain-
ing the link between self-assessed financial literacy and housing choices among younger
households. Intuitively, since ownership and leverage choices for younger households
depend more on access to credit, when heterogeneity in credit conditions is dismissed,
the model’s ability to match differences in housing choices across young households is
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dampened. For older households, such heterogeneity matters less since they are less
prone to borrowing. Finally, note that when heterogeneity in credit conditions is shut off,
the fit of the model with respect to the data deteriorates relatively less compared to when
heterogeneity in expectations is dismissed. This suggests that, overall, expectations might
be more important in explaining the observed empirical patterns.

5.3 Subjective or Objective Expectations?

The results thus far suggest that heterogeneity in expectations might play an important
role in explaining why households that self-assess themselves as more financially literate
are also more likely to own and take on more leverage. In our baseline model, we have
assumed that self-assessed financial literacy proxies true financial savviness. Namely, we
have assumed that expectations on idiosyncratic shocks to house prices are aligned with
the true distributions from which these shocks are drawn. To the extent that households
with different self-assessed financial literacy hold different expectations, in the baseline
model this reflects true - objective - differences in investment opportunities (for example,
due to more sophisticated search skills).

An alternative view is that self-assessed literacy proxies distorted, or subjective, be-
liefs. For example, households that self-assess themselves to be more financially literate
might be over-optimistic (or over-pessimistic). In an extension of our main analysis, we
test the role that subjective beliefs might play in explaining the empirical facts. To do
so, we consider a specification of the model where we allow for heterogeneous expecta-
tions on idiosyncratic shocks to house prices, but in which the actual distribution from
which these shocks are drawn is independent of financial literacy. That is, households
with different levels of financial literacy solve different maximization problems, based on
their individual beliefs {µ( fi), σ( fi)}, but the realizations of gi,t are drawn from the same
distribution. The common distribution from which we draw gi,t is normal with the mean
and variance set to their weighted average values from Table 5.

The fit of this model to the data is illustrated in Figure A.3 in the appendix. When het-
erogeneity in the distribution of realized returns is shut down, the fit of the model with
respect to the data deteriorates relative to the baseline model that admits such heterogene-
ity. This is seen mostly in terms of loan-to-value ratios and to some extent also in terms of
homeownership rates. The main takeaway from this analysis is that self-assessed finan-
cial literacy proxies, at least to some extent, true - objective - financial literacy. Hetero-
geneity in the fundamental distribution of idiosyncratic shocks to house prices improves
the model’s ability to match the data.
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6 The Importance of Financial Literacy

How important is it to account for financial literacy in an otherwise standard portfolio
choice model with housing? To answer this question, we compare our model to a bench-
mark portfolio choice model with housing where financial literacy is abstracted from. The
analysis points to an important limitation of the standard model. Namely, the standard
model substantially over-estimates the correlations between housing choices and wealth,
income, and age relative to the data. By overestimating these correlations, the standard
model overestimates the role of income, wealth, and age in explaining the observed hous-
ing inequality. As a result, it overestimates the impact of means-tested public policies that
aim to promote homeownership and mitigate inequality. By incorporating heterogeneity
in financial literacy, our model substantially reduces these biases.

6.1 Benchmark Model without Heterogeneity

We begin by estimating a benchmark model in which heterogeneity in financial literacy
is muted. That is, we restrict all parameters to be independent of financial literacy. The
data moments we target are the same as in the estimation of the full heterogeneous agent
model (Section 4.3.1), with the caveat that we now compute the moments unconditional
on financial literacy. The estimation results for this benchmark model are reported in
Table 6.

Table 6: Estimated Parameters: Benchmark Model

Parameter Estimated Value
Expected return µ̂ 0.07

(0.0003)
Volatility σ̂ 0.064

(0.0005)

Coefficient of Variation σ̂( f )
µ̂( f ) 0.855

Mortgage spread $̂ 0.028
(0.0002)

Min. down-payment δ̂ 0.17
(0.0001)

Notes: Parameters are estimated by SMM , as described in Section 4.3.1. Standard errors, in parenthesis, are discussed in Appendix C.

Model Fit. The benchmark model closely matches the life cycle dynamics of homeowner-
ship rates and loan-to-value ratios. Figure 3 shows this by plotting the model generated
moments against the data moments.
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Figure 3: Benchmark Model: Target and Model Generated Moments

Note: The figure compares moments generated by the benchmark model (without financial literacy heterogeneity) to SCF data mo-
ments. 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.

6.2 Housing Choices - With and Without Financial Literacy

Having estimated the benchmark model, we evaluate how well it can explain house-
holds’ housing choices. The key finding is that the benchmark model over-estimates the
importance of wealth, income, and age in explaining households’ housing decisions. In
contrast, a model that incorporates heterogeneity in financial literacy yields substantially
less biased estimates of the correlation between housing choices and wealth, income, and
age. To see this, we estimate the following regression specification in the data, in the
benchmark model, and in the model with financial literacy:

Yi = βlowFKlow,i + βhighFKhigh,i + ΓXi + εi. (9)

Controls Xi include household age, age-squared, wealth-to-income and wealth-to-
income quartiles. FKlow,i (FKhigh,i) is an indicator equal to one if the household belongs to
the low (high) financial literacy group. The results are reported in Table 7.15

15Comparing 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
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Table 7: Data and Model Regressions

Home Ownership LTV

Data Bench. Literacy Data Bench. Literacy

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)

log( 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-assessed 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.

Compared to the data (column 1), the benchmark model (column 2) generates an ex-
cessive co-movement of homeownership with wealth-to-income and with age. A one
percent increase in the wealth-to-income ratio is associated with a 0.928 increase in the
homeownership log-odds ratio in the data, but a 5.87 increase in the benchmark model.
Similarly, a one-year increase in age is associated with a 0.031 increase in the homeowner-
ship log-odds ratio in the data, but a 0.4 increase in the benchmark model. A one percent
increase in wealth-to-income 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).16

each sample to simulate model-implied regression estimates.
16Financial literacy in the benchmark model is correlated with homeownership and loan-to-values, de-
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The reason that the benchmark model overstates the correlation between housing
choices and households’ wealth-to-income and age is the following. In order to match
the life-cycle variation observed in the data, the benchmark 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.

The heterogeneous agent model with financial literacy significantly reduces the biases
that arise in the benchmark model. As Table 7 shows, across the board, the model im-
plied regression coefficients converge towards the data when heterogeneity in financial
literacy is introduced. For example, a one percent increase in the wealth-to-income ratio
is associated with only a 2.55 increase in the homeownership log-odds ratio in the het-
erogeneous agent model (column 3), much lower than the 5.87 increase in the benchmark
model (column 2), and much closer to the 0.928 estimate in the data (column 1).

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. To what degree does heterogeneity in a certain dimension matter
for housing markets is therefore a quantitative question. The substantial convergence
towards the data apparent in Table 7 suggests that self-assessed financial literacy plays an
important role in the housing markets and should hence be incorporated into structural
models of housing choice.

Finally, as an aside, we note that the model with financial literacy is able to remarkably
capture the conditional correlation between financial literacy and housing market choices,
despite targeting only average choices within coarse age groups. We view this evidence
as enhancing the validity of the model.

6.3 Housing Policies - With and Without Financial Literacy

To illustrate the importance of accounting for heterogeneity in financial literacy, we es-
timate the effects of housing policies in both our model and in the benchmark model
without financial literacy. The exercise allows us to quantify the bias in policy evaluation
that arises if we abstract from heterogeneity in financial literacy. The particular policy
we focus on is a shock to households’ wealth. The wealth shock proxies means-tested
policies that are designed to encourage homeownership, for example income transfers or
subsidies towards downpayment.

spite the fact that parameters do not differ across literacy levels. The reason is that financial literacy in the
data (and therefore in the model simulation) is correlated with house values and persistent income, which
are state variables in the model.
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We find that the impact of a wealth shock on homeownership is downsized by ap-
proximately 40% when we incorporate heterogeneity in financial literacy. For example,
for young households (age 25-40), we find that a 10% increase in wealth leads to a 10%
increase in homeownership in the benchmark model, but only to a 6.4% increase in home-
ownership in the heterogeneous agent model. For young and poor households (age 25-40
and in the bottom quantile of the wealth distribution), a 10% increase in wealth leads to
a 20% increase in homeownership in the benchmark model, but only to a 11% increase in
homeownership in the heterogeneous agent model. The corresponding housing demand
elasticities are reported in Table 8.

To sum, by overestimating the importance of wealth in explaining households’ hous-
ing decisions, the standard model overestimates the impact of means-tested public poli-
cies that aim to promote homeownership and mitigate inequality. By incorporating het-
erogeneity in financial literacy, our model substantially reduces these biases.

Table 8: 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 percent increase in home-ownership in response to a one percent 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).

7 Conclusion

We study the role of financial literacy in housing markets. Using SCF data, we document
that individuals who self-assess themselves as more financially literate are more likely
to own a house and take on more debt against the value of the house. The relationship
is economically meaningful and robust to a host of potential confounding factors. Mo-
tivated by these empirical patterns, we develop a portfolio choice model with housing
to infer the mechanisms that underlie the empirical facts. They key novel feature of the
model is that we allow mortgage market parameters and expectations on future house
prices to depend on households’ financial literacy.

We estimate the model to match the empirical relationship between self-assessed fi-
nancial literacy and housing choices. The estimation reveals that that households with
higher self-assessed financial literacy are in fact more financially savvy - they obtain more
attractive mortgage terms and invest in houses that yield higher risk-adjusted returns.
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Differences in mortgage terms are particularly important for explaining the relationship
between literacy and housing choices among young households. Differences in expecta-
tions on house price growth are more important for the underlying cross-sectional varia-
tion among older households.

Our analysis points to an important limitation of standard models of portfolio choice
with housing that do not incorporate heterogeneity in financial literacy. Namely, the
standard model substantially over-estimates the correlations between housing choices
and wealth, income, and age relative to the data. By overestimating these correlations,
the standard model overestimates the role of income, wealth, and age in driving the ob-
served housing inequality. As a result, it overestimates the impact of means-tested public
policies that aim to promote homeownership and mitigate inequality. By incorporating
heterogeneity in financial literacy, our model substantially reduces these biases.
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A Figures and Tables

Table A.1: IV Regressions: First Stage

Ownership LTV

(1) (2) (3) (4)
FKlow FKhigh FKlow FKhigh

Instruments

momlow 0.013∗∗∗
(0.004)

−0.052∗∗∗
(0.010)

0.012∗∗∗
(0.004)

−0.044∗∗∗
(0.010)

momhigh −0.004
(0.005)

−0.053∗∗∗
(0.010)

−0.001∗∗
(0.004)

−0.037∗∗∗
(0.010)

Educ. Level

No High-School 0.007
(0.005)

∗ 0.003
(0.010)

−0.003
(0.005)

0.013
(0.010)

High-School −0.001
(0.004)

−0.006
(0.010)

−0.007
(0.004)

−0.000
(0.010)

Age 0.000
(0.001)

0.002
(0.002)

0.000
(0.001)

0.001
(0.002)

Male −0.008∗
(0.005)

−0.002
(0.010)

−0.007
(0.005)

−0.002
(0.010)

ln(wealth) 0.006
(0.004)

0.034∗∗∗
(0.009)

0.011∗∗∗
(0.004)

0.024∗∗∗
(0.008)

ln(income) −0.000
(0.003)

−0.005
(0.007)

−0.004
(0.003)

0.008
(0.006)

Objective Fin. Lit.

Inflation 0.033∗∗∗
(0.011)

−0.079∗∗∗
(0.026)

0.014
(0.012)

−0.071∗∗∗
(0.025)

Interest Rate −0.009
(0.011)

−0.045∗
(0.026)

−0.024∗∗
(0.011)

−0.038
(0.025)

Diversification −0.004
(0.011)

−0.065∗∗
(0.027)

−0.018
(0.011)

−0.066∗∗
(0.026)

Ad. Borrowing −0.015∗∗∗
(0.004)

0.031∗∗∗
(0.010)

−0.017∗∗∗
(0.004)

0.031∗∗∗
(0.009)

Ad. Investing −0.003
(0.004)

−0.023∗∗
(0.010)

0.002
(0.004)

−0.020∗∗
(0.010)

Self. Ass. Fin. Risk −0.008∗∗∗
(0.001)

0.020∗∗
(0.002)

−0.009∗∗∗
(0.001)

0.019∗∗∗
(0.002)

Observations 21, 312 21, 312 13, 966 13, 966

R2 0.026 0.039 0.028 0.035

F-statistic 17.13 26.08 19.52 25.26

Prob>F 0.000 0.000 0.000 0.000
Notes: Column (1) and Column (2) show results from the first stage regressions of the instrumental variable probit model for home-
ownership. Column 1 (2) corresponds to the first stage equation for FKlow (FKhigh). Similarly, Column (3) and Column (4) show results
from the first stage regressions of the linear instrumental variable model for LTV. *** is significant at 1%; ** is significant at 5%; * is
significant at the 10% level.
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Figure A.1: 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
6) 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 A.2: 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
estimates (Table 6) for all literacy groups fi = {Low, Int, High}whereas estimates of mean expected return (µ( fi)) and volatility (σ( fi))
are taken from the full heterogeneous agent model.
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Figure A.3: Distorted Expectations

Note: The figure compares between SCF data moments (in blue) and moments generated by a model in which µ( fi), σ( fi), $( fi), δ( fi)
are set to their baseline model estimates (Table 6) but in which the realized idiosyncratic shock to house prices is drawn from a common
distribution gi,t ∼ N (µ, σ) where µ and σ are set to their weighted average values from Table 6 (in red).
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B Dynamic Programming Solution

Equation 8 specifies the problem faced by household i at age a < Ret− 1. For complete-
ness, we will first specify the equivalent problem for a ≥ Ret− 1. Next, we will present
a transformation to the model that serves two purposes. The first is improving on effi-
ciency 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 en-
hanced 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 a ≥ Ret

Define the state variable tuple XRet
t = {at, fi, Wt, Pt, τt−1, (1 + gi,t) Ht−1, YRet, Mt} where

YRet is the household’s retirement income which is a fraction θRet of their income in the
period prior to retirement. The following Bellman equation specifies the household value
function after retirement, i.e. for a ≥ Ret :

Ṽ(at, fi, Wt, Pt, τt−1, (1 + gi,t) Ht−1, YRet, Mt) =

λat

{
max

Zt
u(Ct, St)+

+βEi
t[Ṽ(at + 1, fi, Wt+1, Pt+1, τt, (1 + gi,t+1) Ht, YRet, Mt+1)]

}
+

+(1− λat)D(Wt, Pt), (10)

where Zt is the vector of policy variables defined as Zt ={Ct, Ht, Bt, τt, ξt}. The prob-
lem is subject to the collateral constraint (Equation 4) and budget constraint (Equations
5-7).

B.2 Bellman Equation for a = Ret− 1

Next, consider the problem faced by household i one period before retirement, i.e. at age
a = Ret − 1. Note that in this period the continuation value function is given by Ṽ(.),
whereas the current value function is given by V(.) (Equation 8). Applying the notation
of Xt and XRet

t previously defined, the household value function at age a = Ret− 1 is:
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V(Xt) =λat

{
max

Zt
u(Ct, St) + βEi

t[Ṽ(XRet
t+1)]

}
+ (1− λat)D(Wt, Pt).

(11)

Note that the state variable in the current value function is the permanent income
component at age a = Ret − 1, i.e Ŷt, whereas in the continuation value function the
state variable is YRet. Note that YRet = θRet exp

(
f (Ret− 1) + logYt + logŶi

t + ut

)
is a

state variable at t + 1 (i.e. part of XRet
t+1). This means that the vector of state variables at

age a = Ret − 1 includes also logYt + ut as a state. The problem is subject to the usual
collateral constraint and budget constraint.

B.3 Transformed Model

In order to reduce the state space dimensionality and efficiently compute the policy func-
tions, this section presents a transformed and equivalent household problem. The solu-
tion relies on the homothetic nature of the problem and closely follows Landvoigt (2017).

B.3.1 Transformed Model for a ≥ Ret

By backward induction, consider first the problem defined by equation 10 for households
that are retired or are about to retire at the end of the period, i.e. for a ≥ 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
, p̃ht−1 =

Pt (1 + gi,t) Ht−1

YRet
c̃t =

Ct

YRet

b̃t =
Bt

YRet
, h̃t =

Ht

YRet
, s̃t =

St

YRet
.

Denote by ṽ(at, fi, w̃t, τt−1, p̃ht−1, Mt) =
V(at, fi,Wt,Pt,τt−1,(1+gi,t)Ht−1,YRet,Mt)

(YRetP
−ρ
t )1−γ

the normal-

ized value function. Denote the normalized policy variables by z̃t =
{

τt, b̃t, h̃t, c̃t, ξt
}

and
the normalized state variables by x̃t =

{
at, fi, w̃t, τt−1, p̃ht−1, Mt

}
. Finally, the normalized

bequest function is d(w̃t) = D w̃1−γ
t

1−γ .

The household problem in 10 can then be re-written as follows:
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ṽ(x̃t) =λat

[
max

z̃t
u(c̃t, s̃t) + βEt

[
ṽ(x̃t+1)

(
GP

t+1

)−ρ(1−γ)
]]

...

+ (1− λat)d(w̃t),

where s̃t = h̃t and GP
t+1 = Pt+1

Pt
= exp{εP

t+1}. To recall, εP
t+1 ∼ N(0, σ2

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

b̃t ≥

0 τt = 0

− [1− δ( fi)] h̃t τt = 1
. (12)

The problem is also subject to a normalized budget constraint. Specifically, a previous
renter faces the following budget constraint:

c̃t + b̃t + h̃t [(1− τt)α + τt(1 + ψ)] = w̃t,

a previous owner who sells faces the following budget constraint:

c̃t + b̃t + h̃t

{
(1− τt)α + τt (1 + ψ)

}
= w̃t + (1− ν) p̃ht−1,

and a previous owner who doesn’t sell faces the following budget constraint:

c̃t + b̃t + ψ p̃ht−1 = w̃t.

Note that relative to the original Bellman equation for a ≥ Ret (Section B.1), the nor-
malized Bellman equations does not require keeping track of the price Pt and the income
at retirement YRet as state variables.

B.3.2 Transformed Model for a < Ret− 1

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

wt =
Wt

Ŷt
, pht−1 =

Pt (1 + gi,t) Ht−1

Ŷt
, ct =

Ct

Ŷt

bt =
Bt

Ŷt
, ht =

Ht

Ŷt
, st =

St

Ŷt
.

Denote by xt = {at, fi, wt, τt−1, pht−1, Mt} the vector of state variables and by
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v(at, fi, wt, τt−1, pht−1, Mt) =
V(at, fi, Wt, Pt, τt−1, (1 + gi,t) Ht−1, Ŷt, Mt)

(ŶtP
−ρ
t )1−γ

the normalized value function. In addition let zt = {τt, bt, ht, ct, ξt} the vector of policy
variables in the normalized problem. . Finally, the normalized bequest function is d(wt) =

D w1−γ
t

1−γ .

The normalized household problem can then be re-written as follows:

v(at, fi, wt, τt−1, pht−1, Mt) = λat

{
max

zt
u(ct, st)...

+ βEt[(v(at + 1, fi, wt+1, τt, ht, Mt+1)[GY
t+1(G

P
t+1)

−ρ]1−γ]
}

...

+ (1− λat)d(wt),

where GY
t+1 =

ˆYt+1
Ŷt

= exp
(
εt+1 + ε̂i

t+1
)

and GP
t+1 is 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 ). The problem is subject to

the normalized collateral constraint defined above (Section B.3.1).

B.3.3 Transformed Model for a = Ret− 1

Finally, we normalize the household problem for age a = Ret − 1. Using the notation
defined above and some algebra, the normalized household problem in this case can be
written as:

v(xt) = λat

{
max

zt
u(ct, st) + βEt

[
(ṽ(x̃t+1)

(
(GP

t+1)
−ρθRet exp

(
f (at) + logYt + ut

))1−γ
]}

+ (1− λat)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 θRet exp

(
f (at) + logYt + ut

)
is the factor that allows to convert normalized variables by ŶRet−1 to variables normalized
by YRet, e.g. w̃Ret =

wRet−1
θRet exp( f (Ret−1)+logYRet−1+uRet−1)

. The problem is subject to the normal-

ized collateral constraint defined above (Section B.3.1).
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C Estimation Procedure

We estimate the model by applying a Simulated Method of Moments (SMM) to the cross-
sectional 2016 SCF data. Denote the parameters that we estimate by

η =

{{
µ( fi), σ2( fi), δ( fi), $( fi)

}
fi=low,intermediate,high

, β, D, σ2
P

}
.

All other parameters are calibrated exogenously and discussed in Section 4.
We begin by drawing a large number of I households from the SCF data. For each

sampled household, we denote the vector of sampled state variables by

Ωi
t =

{
ai,t, fi,t, τi,t−1, Wi,t, Pt(1 + gi,t)Hit−1, Ỹi,t, Mi,t

}
,

where ai,t is the age of the head of the household, fit is the self-assessed financial lit-
eracy 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 Pt(1 + gi,t)Hit−1 is the house price
for owners as defined in Section 4.1. Ỹit denotes the household’s permanent income in
case the household is not retired (i.e. Ỹit = Ŷit if ai,t < Ret) and denotes the households’
income in case the household is retired (i.e. Ỹit = YRet if a ≥ Ret). Since the data does
not distinguish between the permanent income component Ŷit and the temporary income
component, for non-retired households we decompose the observed labor income Yit by
simulating the transitory shock from its specified distribution. Similarly, we simulate a
moving shock Mit for each household based on the calibrated moving probabilities.

Denote the normalized vector of state variables by ωi
t = {ai,t, fi,t, τi,t−1, wi,t, pht−1, Mit},

where wit =
Wi,t

Ỹit
and pht−1 =

Pt(1+gi,t)Hit−1

Ỹit
. Given the sample of simulated state variables

ωt =
{

ωi
t
}I

i=1, given the exogenously calibrated parameters, and given a guess for η, we
obtain the period t optimal policies for each household i by solving the household prob-
lem specified in Section B.3. Denote these policies by zt(ωt, η) = {τi,t, hi,t, ci,t, bi,t, ξi,t}I

i=1

where hi,t =
Hi,t

Ỹit
, ci,t =

Ci,t

Ỹit
and bi,t =

Bi,t

Ỹit
. We then simulate the period t + 1 shock to in-

come (εŶ
i,t+1), the shock to price per quality unit of housing (εP

t+1), and the idiosyncratic
shock to house price growth (gi,t+1). For each household, this allows us to map the poli-
cies zt(ωi

t, η) into the household’s year t + 1 vector of normalized state variables ωi
t+1.

For each households, we convert the normalized state variables at time t + 1 back to its
non-normalized format. That is, we obtain Ωi

t+1for i = 1, ..., I.

Next, we compute moments from the simulated t+ 1 sample, i.e. based on
{

Ωi
t+1
}I

i=1.
Namely, we define 3 age groups (young, for ages 26 to 40, middle-aged, for ages 41to
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60 and old, for ages 61 to 80), and compute the average homeownership rate and the
average loan-to-value ratio for homeowners, for each age group and conditional on the
self-assessed financial literacy of the household (low, intermediate, and high). We also
compute the average wealth, the average wealth at age 80, and the implied volatility of
house prices growth. When computing these moments, we apply the SCF household-
specific weights. Denote the vector of these 21 moments by ¯̂Θ (η) .

Finally, we compute the same moments from the simulated SCF data, i.e. based on{
Ωi

t
}I

i=1, and denote them by Θ̄. Our estimate for η, denoted by η̂SMM, is obtained by
minimizing the mean of the square error of the simulated moments with respect to their
empirical counterpart :

η̂SMM = argmin
η

∑
(

Θ̄− ¯̂Θ (η)
)2

.

C.1 Standard Errors

The standard errors of the estimated SMM parameters are calculated based on Pakes and
Pollard (1989). Specifically, we use the fact that η̂SMM, satisfies :

η̂SMM = argmin
η

(Θ̄− ¯̂Θ (η))′(Θ̄− ¯̂Θ (η)).

Denote by J the Jacobian matrix of the function η :−→ ¯̂Θ (η) . Denote by Ω the asymp-
totic variance of Θ̄. It can be shown that:

√
I(η̂SMM − η)

d−→ N
(

0, (1 +
1
s
)(J′ J)−1 J′ΩJ(J′ J)−1

)
,

where s is the number of model simulations. We compute J numerically by calculating
small changes of the function η :−→ ¯̂Θ (η) at η = η̂SMM. We estimate Ω by bootstrapping
the data. We set s = 100, i.e. we repeat the SMM estimation 100 times, each time drawing
(potentially) different shocks between period t and t + 1. The asymptotic variance of
η̂SMM, from which we identify the standard errors of η̂SMM, is given by:

Var(η̂SMM) =
1
n
(1 +

1
s
)(J′ J)−1 J′Ω̂J(J′ J)−1.

51


	Introduction
	Facts
	Model
	Household Problem
	Discussion

	Quantification
	Data
	Calibration
	Estimation Procedure
	Simulated Method of Moments Approach
	Parameters and Moments


	Results
	Model Fit
	Mechanisms
	Subjective or Objective Expectations?

	The Importance of Financial Literacy
	Benchmark Model without Heterogeneity
	Housing Choices - With and Without Financial Literacy
	Housing Policies - With and Without Financial Literacy

	Conclusion
	Figures and Tables
	Dynamic Programming Solution
	Bellman Equation for aRet
	Bellman Equation for a=Ret-1
	Transformed Model 
	Transformed Model for aRet
	Transformed Model for a<Ret-1
	Transformed Model for a=Ret-1


	Estimation Procedure 
	Standard Errors


