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Abstract

This dissertation analyzes individual financial decisions and their implications for
wealth heterogeneity. In Chapter 1, I build a structural framework of a discrete investment
fund choice. Using the Survey of Consumer Finances (SCF) data, I show that households
exhibit limited consideration when choosing an investment fund. Specifically, the structural
model estimates show that households make their fund choice based only on a subset of
available options. Conditional on wealth, monetary losses from limited consideration are
higher for less financially literate households, suggestive of their choice simplification.

In Chapter 2, we focus on household mortgage take-up and refinancing decisions. Our
novel U.S. data estimates show that the variation in mortgage rates depends on individual
financial skill level and search effort. Specifically, we implement stochastic record linkage
and find that households with low financial literacy are up to 4% less likely to consider more
lenders and lock in at 15-20 b.p. higher rates. Upon origination, unskilled borrowers face a
35-45% higher mortgage delinquency and end up with a 30% lower likelihood of refinancing.
We proceed to quantify monetary losses due to ineffective search, and we show that households
with low financial skills pay more than 10% extra at the time of origination.

Chapter 3 extends to the general equilibrium and develops a Heterogeneous Agents
New Keynesian model with a detailed outline of financial intermediation and plausible
marginal propensities to consume (MPC). To motivate the model, we explore household
survey data for the Euro area and document substantial heterogeneity in wealthy and poor
hand-to-mouth (HtM) shares and in households’ liquid and illiquid asset holdings. Accounting
for heterogeneous MPCs allows plausible predictions of the effectiveness of fiscal policy in the
short and long term. Using the model, we show that financing government debt with debt
and government transfers has the largest positive long-term effect on output. To explain
aggregate responses to fiscal stimulus, we introduce a new quantitative decomposition of
aggregate consumption based on households’ HtM status and wealth.
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Introduction

This dissertation analyzes households’ financial decisions, the implications for their
well-being, and the effectiveness of fiscal policy. Chapters 1 and 2 take an econometric
approach and outline determinants and potential losses of investment fund choice and
mortgage choice, respectively. Chapter 3 develops a general equilibrium model to understand
the effectiveness of fiscal policy while accounting for individual frictions in asset management.

Chapter 1, titled Limited Consideration in the Investment Fund Choice, focuses on
households’ investment fund choice. In contrast to standard investment decisions, choosing an
investment fund that acts on behalf of households is a common way of investing for many U.S.
households. This chapter examines the role of limited consideration in household investment
fund choice. I develop the Limited Consideration Model that quantifies the losses from
not considering all available investment fund options. The SCF data maximum likelihood
estimates statistically reject the standard full consideration Random Utility Model in favor of
the proposed Limited Consideration Model. Losses due to limited consideration are significant
and heterogeneous across household wealth. Conditional on wealth, the effects of limited
consideration are stronger for less financially literate households, suggestive of underlying
agent’s choice simplification. These findings suggest that financial education policies may
moderate choice simplification in investment fund choice.

In Chapter 2, titled Mortgage Shopping Behavior in the U.S. - Stochastic Record
Linkage (Co-authored with Marta Cota) we aim to explain the difference in mortgage rate
attainment among otherwise similar borrowers in the U.S. The paper provides novel insights
into the interaction between individual financial literacy and shopping behavior and its effect
on the mortgage interest rate in the U.S. market. In this regard, we merge two publicly
available U.S. data sets and employ statistical methods that account for the uncertainty in
the merging procedure. The merged data set contains mortgage and borrower characteristics,
followed by survey responses on shopping behavior and individual objective financial literacy
measures. First, we find that financial literacy changes with age and exhibits a hump-shaped
life cycle profile. Second, we find that the interaction of financial literacy and search effort
explains a part of the mortgage variation among otherwise similar borrowers. Specifically,
financially skilled borrowers who consider multiple lenders get 13.4 b.p. lower mortgage rates
at origination. This finding translates to over $9,329 of overpayment for a $100,000 loan in
the U.S. over the mortgage term. We also show that the interaction coefficient increases over
the 2014-2020 period, simultaneously with a steady increase in non-bank lenders in the U.S.
mortgage market. Third, our findings suggest that three years after the mortgage originated,
financially unskilled borrowers are 35-45% more likely to become delinquent.

Chapter 3, titled Tax Structures and Fiscal Multipliers in HANK Models (Co-authored
with Othman Bouabdallah and Pascal Jacquinot), develops a heterogeneous-agents model
with liquid and illiquid assets to analyze the fiscal multiplier quantitatively. Implementing a
rich set of fiscal policy rules, including consumption, capital, progressive income taxes, and
government transfers, allows us to quantify the size of fiscal multipliers while accounting for
empirical heterogeneity in wealth. Specifically, we emphasize the role of households and their
individual frictions in liquidity transformation for the potency of fiscal stimulus. Moreover,
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we compare the fiscal multiplier when the government spending is financed directly from
one of the tax instruments to when the spending is financed through the government deficit.
Next, we focus on deficit-financed spending and compare fiscal multipliers depending on the
government’s source of financing. We show that deficit-financed government spending with
lump-sum transfers to households has the largest long-term impact on output. Lump-sum
transfers circumvent individual frictions in liquidity transformation and increase demand
among liquidity-constrained households. In this respect, accounting for individual frictions
in asset management shows that direct transfers to households have a sizable effect on the
aggregate.

2



1 Limited Consideration in the Investment Fund Choice

1.1 Introduction

Existing studies model the way households manage their financial assets by building
a standard portfolio optimization problem. The usual assumption of those models is the
symmetry in household information and the decision-making process across various household
characteristics. Empirical findings suggest that returns to financial wealth exhibit significant
persistence, further amplifying wealth inequality (Fagereng et al., 2020). Currently, with
the development of the financial industry and access to information, households are able to
compare the potential costs and benefits of choosing a specific financial asset. However, it
may be that some households simplify their option sets and do not utilize full information.

Given the disproportionality in direct stock ownership across the wealth distribution, I
model the choice between discrete fund types akin to fund options presented by the financial
intermediary. Therefore, this paper focuses on simplified portfolio choice constrained by the
financial intermediary, resulting in mutual fund share choices. The narrative of banks is that
they offer to navigate their clients’ options toward growth. However, not all households fully
consider their investment choices but rather invest passively (Chetty et al., 2014; Andersen
et al., 2020). For instance, Chalmers and Reuter (2020) find that a substantial amount of
workers remain at the default fund choice when allocating their retirement savings.

In the data analysis, I use the Survey of Consumer Finances (SCF) that includes
objective measure of financial literacy.1 The first part of the data analysis focuses on the
extensive margin, outlying household characteristics that induce households to buy shares in
the investment fund. The second part evaluates the consequences of the limited consideration
in investment fund choice. Together, the two parts outline target sample groups for relevant
policies aimed at improving financial well-being.

In the first part of the analysis, I use the standard Two-Step Heckman Model (Heckman,
1979). Model estimates reveal household characteristics that affect the likelihood of the
investment (selection equation) and characteristics that affect the investment size (outcome
equation). It is more likely that more educated, financially savvy, or wealthier households opt
into fund investing. At the same time, older households invest less. Expectedly, investment
size decreases with household debt level. Specifically, the investment size decreases with
financial literacy, suggestive of a cautious approach to investing with financially savvy
households (aligning with Bhutta et al. (2022a) who find that liquidity level increases with
financial literacy).

In the second part of the analysis, I introduce the limited consideration framework
and focus on discrete investment fund types. I separate between funds based on their return,
volatility, and expenses2. In this context, I relate the household investment fund choice to

1Financial literacy is measured by the standard three questions proposed by Lusardi and Mitchell (2014)
covering inflation, interest rates, and riskiness. The list of questions is in section 1.3.1 of the appendix.

2For example, stock market funds invest primarily in equity (implying high returns and high volatility),
and the money market fund invests mainly in short-term government T-bills (which implies low returns and
low volatility).

3



simple options outlined by the household intermediary. I evaluate households’ fund choice
likelihood and compare two models; the Random Utility Model assumes that households
understand their options, and the Limited Consideration Model incorporates narrow sets of
options from which households may choose.

Barseghyan et al. (2021) are the first to define the econometric framework for the
Limited Consideration Model from Manzini and Mariotti (2014), incorporating household
choice over insurance policies represented by discrete lotteries. I extend their model and
represent a fund as a continuous random variable. This way, households are informed about
expected return, volatility, and expenses, which are standard fund attributes households are
acquainted with. Therefore, this paper is the first one to bring the limited consideration
framework to the investment fund type choice. The Limited Consideration Model fits
households’ choices much better, and the Vuong (1989) test rejects the Random Utility Model
in favor of the Limited Consideration Model at all usual significance levels. This finding
suggests that, possibly, taking all available options is too costly for households, and they do
not make optimal choices, i.e., achieve the first best allocation for investment.

As I reject the standard full consideration setting in favor of a limited consideration
framework, I estimate average monetary loss under limited consideration. Losses are hetero-
geneous across sample groups. Specifically, conditional on wealth, high school graduates lose
more than college and post-college graduates. Given the increasing importance of financial
literacy in household finance decisions (Lusardi and Mitchell, 2014), I evaluate monetary
losses across financial skill levels conditional on wealth. I find that households with a low
level of financial literacy face significantly larger monetary losses due to fund type choice
simplification.

On aggregate, I find that all households across the wealth distribution face statistically
significant average monetary loss. This result is in contrast with results by Campbell
(2006), who uses only the full consideration framework and finds that only a small fraction
of households make investment mistakes. However, Campbell (2006) examines aggregate
household investments, and I look specifically at investments in investment funds.

Finally, the last part of my methodological contribution combines results from two
econometric models and calculates the elasticity of marginal utility of investing in investment
funds to financial literacy, wealth, and other household characteristics. These elasticities
could be especially relevant for households’ financial education. The results of my analysis
imply that including financial courses in the curriculum that educate households on interest
rate accumulation, risk, and inflation could benefit households. Specifically, the marginal
elasticity of investing increases in financial literacy, and conditional on investing, average
monetary losses are lower for households with higher levels of financial literacy.

The rest of the paper is organized as follows. Section 2 relates this paper to the
literature. Section 3 describes the data used for all model estimations. Section 4 outlines
important household characteristics that determine investment decisions. Section 5 develops
the Limited Consideration framework and evaluates the losses once abstracting from rational
behavior. Section 5 compiles all model estimates and discusses target household groups for
policies that incentivize efficient investment decisions. Section 6 concludes.
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1.2 Related Literature

This study builds on the large body of literature that examines asset market par-
ticipation, putting forth the effects of heterogeneity in attention span, and thus, different
information sets. Specifically, the paper contributes to two streams of literature.

First, this study adds to the literature on households’ decision-making under risk
with the assumption of constrained choice sets. Jung et al. (2019) and Caplin et al. (2019)
show that rational inattention defines heterogeneous consideration sets across agents. Thus,
agents use only a subset of available alternatives when optimizing their choice. Andersen
et al. (2020) estimate the probability of active mortgage refinancing and link it to households’
attention to financial well-being. Manzini and Mariotti (2014) define the departure from full
consideration maximization, denoting it with limited consideration. Barseghyan et al. (2021)
build on Manzini and Mariotti (2014) and develop an econometric framework for a discrete
choice model with heterogeneous consideration sets and risk aversion. Coughlin (2019) uses
a framework developed in Barseghyan et al. (2021) and explores limited consideration in
the medical insurance setting. I contribute to their setting-specific findings and build on
the econometric framework that allows the modeling agent’s investment fund type choice.
Specifically, I expend on discrete lottery framework in the insurance market by Barseghyan
et al. (2021), and model expected utility with continuously distributed returns. Other studies
that explore preference and discrete choice model estimation over unobserved choice sets
include panel data and time variation, including Crawford et al. (2021), Aguiar and Kashaev
(2021), and Aguiar et al. (2023).

Second, in line with asset market participation literature, I use the Two-Step Heckman
Model (Heckman, 1979) to explore household decisions on whether to invest or not and on
the size of the investment while accounting for selection bias. To this extent, I contribute by
focusing on investment fund participation. In this respect, I add to the household finance
stream of literature. Campbell (2006) finds that less educated households are less likely to
participate in the asset market. Similarly, Calvet et al. (2009a) and Calvet et al. (2009b)
find that financially sophisticated households with greater income, wealth, and education are
more likely to enter the market. My estimates on investment fund participation correspond
to previous findings on asset market entrance.

Kacperczyk et al. (2019) use a proxy for financial sophistication using wealth deciles
and find that financially unsophisticated households increase their share of liquid instruments.
Agarwal and Mazumder (2013) relate consumers’ low math test scores to recurring financial
mistakes in the credit card market. Moreover, Mani et al. (2013) relate poverty to lower
cognition and provide experimental evidence that poor people often behave in less capable
ways. Using Swedish data, Calvet et al. (2007) find that financially sophisticated investors
invest more efficiently and more aggressively. Using an experiment, Nieddu and Pandolfi
(2021) show that financial illiteracy can induce investors to inefficiently under-invest in risky
assets such as stocks, because of their inability to understand the associated risks and returns
that may affect their choice sets. I complement previous findings without adhering to wealth
distribution dependence and use the available objective financial literacy score based on
questions suggested by a well known strand of literature (Van Rooij et al., 2011; Lusardi and
Mitchell, 2014).
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1.3 Structural Econometric Model of Investment Decision

All model estimations use the Survey of Consumer Finances (SCF) data that contain a
novel (objective) measure of financial literacy score and the investment fund type. In contrast
to previous studies, the objective measure for financial sophistication yields novel findings
on household characteristics’ effects on investment fund choice. Eliciting financial literacy
effects requires using all household characteristics relevant to investment choice. Moreover,
the next subsection contains a description of the dataset and variables used in the analysis.

1.3.1 Data

Values
Total sample 49377

Education no HS HS Some College College Degree
5686 12086 13756 17849

Age group < 35 55 − 64 35 − 44 65 − 74 45 − 54 >= 75
9312 9329 9811 9801 6950 4174

Occupation Managerial/ Tech/Sales/ Other Not Working
Professional Services

15061 10598 8958 14760
Income 0 − 20% 20 − 39.9% 40 − 59.9% 60 − 79.9% 80 − 89.9% 90 − 100%

9678 9515 9563 10011 5586 5024
Wealth 0 − 24.9% 25 − 49.9% 50 − 74.9% 75 − 89.9% 90 − 100%

12928 11566 11072 8860 4951
Financial Literacy 0 1 2 3

2046 8287 17145 21899
Home-Ownership Owns Ranch/ Otherwise

Category Mobile Home/House
/Condo/etc.

30061 19316
Direct Stock-ownership No Yes

42311 7066

Table 1: Descriptive statistics and overview of household data from SCF.

For the analysis and estimation of models in this paper, I use the Survey of Consumer
Finances. This dataset is suitable for the analysis since it contains the objective measure of
financial literacy. Questions related to financial literacy asked in the Survey of Consumer
Finances, proposed by Lusardi and Mitchell (2014) are:

• Suppose you had $100 in a savings account and the interest rate was 2 percent 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; less than $102; do not know; refuse to
answer.]

• Imagine that the interest rate on your savings account was 1 percent per year and
inflation was 2 percent per year. After 1 year, would you be able to buy: [more than,
exactly the same as, or less than today with the money in this account; do not know;
refuse to answer.]

• Do you think that the following statement is true or false? "Buying a single company
stock usually provides a safer return than a stock mutual fund." [true; false; do not
know; refuse to answer.]

The survey’s objective measure of financial literacy is a score of 0 - 3, that is, the number
of correctly answered questions. Further, as the first year that includes these questions is

6



2016, the available sample covering the measure is 2016 - 2019. The sample is a repeated
cross-section, which restricts my analysis to a static framework with year controls.

In the analysis, this paper focuses on the household investment into investment funds.
From the SCF dataset, i.e., survey questions, I construct indicator variables for each household
and investment fund type they have invested into. Categories/types of investment funds
in the SCF questions are Money Market, Stock Market, Government Bond, Other Bond,
Combined, Tax Free Bond, and Other. Moreover, I use these indicators to estimate the
Limited Consideration and the Random Utility models. For estimation of the Heckman
Two-Step Model, I create only one one indicator for each household if they invested in any
type of investment funds. Furthermore, for the size of the investment, I use the natural
logarithm of the investment size.

Table 1 presents an overview of the main characteristics that may affect investment
choice, both at the extensive and intensive margin. I standardize age by defining variable
Agestd = Age−mean(Age)

2∗sd(Age) . Next, I use education, wealth, home ownership, stock ownership, and
occupation variables described in Table 1. The income in SCF is the household income
for the previous calendar year. Moreover, it includes wages, self-employment, and business
income, taxable and tax-exempt interest, dividends, realized capital gains, food stamps and
other support programs provided by the government, pension income and withdrawals from
retirement accounts, Social Security income, alimony, and other support payments, and
miscellaneous sources of income. In my analysis, I use indicators for income percentile groups.
For variable wealth, I use the net worth of the household variable in the SCF, i.e., the
difference between assets and debt. In my analysis, I use net-worth percentiles as described
in Table 1. Finally, I use the debt-to-income ratio, defined as debt divided by income.

Investment Fund Type Year Mean Variance Expense Ratio
Money Market 2019 0.76% 0.000052712 0.001
Money Market 2016 0.094% 0.0000001144 0.001
Stock Market 2019 5.91% 0.009905728 0.0034
Stock Market 2016 12.898% 0.01063693 0.0034
Government Bond 2019 6.402% 0.01006727 0.0007
Government Bond 2016 8.664% 0.025230282 0.0007
Other Bond (i.e., Corporate Bond) 2019 5.952% 0.007935626 0.0022
Other Bond (i.e., Corporate Bond) 2016 7.786% 0.009949778 0.0022
Combined (Balanced) 2019 6.06% 0.003889336 0.0007
Combined (Balanced) 2016 8.876% 0.00368355 0.0007
Other 2019 6.47% 0.010196012 0.0041
Other 2016 11.386% 0.03158025 0.0041
Tax Free Bond 2019 5.142% 0.001673982 0.0017
Tax Free Bond 2016 6.574% 0.003090646 0.0017

Table 2: Approximated expected returns, variance, and expense ratio for investment fund
types. Based on data from https://investor.vanguard.com/investment-products/list/mutual-
funds.

In the second part of the analysis, I expand the Limited Consideration model
(Barseghyan et al., 2021) for a continuous random variable instead of simple lottery. As it is
in reality, when households choose an investment fund, they make a discrete choice. Thus, I
represent the investment fund by three variables: return, volatility, and expense ratio. As
these values are not available in the SCF, each type of investment fund, I approximate by
three values using values for Vanguard investment funds presented in Table 2. Therefore,
in my model, households will make a discrete choice between different types of investment
funds, by choosing the highest expected value dependent on their size of the investment and
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three characteristics of the investment fund.
The object of interest is the probability of a fund type (j) choice, conditional on

household i’s characteristics. For example, in equation (1), the fund type corresponds to
riskiness level conforming to risk averse (RA), risk neutral (RN), and risk loving (RL)
investor. That is, I model the probability

pi(si = j|zi; θi;ϕ), j ∈ {RA,RN,RL}, (1)

where s is the household’s fund choice, z are characteristics and θi is the household’s specific,
and ϕ is the general parameter vector.

I analyze the investment fund choice in two parts. The first part outlines those margins
relevant to opting into fund investing, and the ones explaining the investment size. After
informing about fund investors, the second part of the analysis zooms in on how the fund type
choice is made, separating between standard, rational approach, and limited consideration
framework.

1.4 Extensive Investment Margin: Investment Fund Market Par-
ticipation and Exposure

To identify households who invest (market participation) and how much they invest
(exposure), I use the standard Heckman Two-Step Model. Additionally, Kline and Walters
(2019) show that, under certain conditions, the Heckman Two-Step Model estimator is
equivalent to the LATE estimator and, therefore, does not suffer from sensitivity critique.
I check whether my model specification and the SCF data satisfy conditions in Kline and
Walters (2019) and obtain the equivalence of the two estimators. For this reason, the estimates
in this paper are robust to the sensitivity critique of the Heckman (1979) estimator. As the
modeling approach in the analysis of the investment fund market participation is standard as
for the analysis of the general asset market participation, the description of the econometric
model and detailed analysis is in the Appendix A.1.

1.4.1 Investment fund participation-who participates?

The first column in Table 15 in the Appendix A.1.3 informs about marginal effects for
the selection equation, calculated in percentage points. I discuss my results and compare
my findings with other studies that use investor microdata. I focus on the extensive margin
(deciding to invest) and discuss sample subgroups as potential targets for policies relevant to
investment fund participation.

Estimation results show that older households are less likely to participate, in line
with average age differences between asset market participants and non-participants (Calvet
et al., 2007). Interestingly, renters are more likely to buy a share in the investment fund.
Combining these two facts adheres to the life-cycle narrative: asset accumulation with the
purpose of house down payment (Brandsaas, 2021). Clearly, stock owners are more likely to
participate in the investment fund, while debt reduces the likelihood of participation.
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Higher wealth implies a higher likelihood of investment, with a magnitude of almost
four times as large as other household characteristics. In comparison to the middle wealth
quantile, the top wealth quantile is 20% more likely to participate in investment funds.
Correspondingly, households in managerial and professional occupations are more likely to
invest. These results are in line with stock market participation (Campbell, 2006; Calvet
et al., 2007, 2009a,b; Calvet and Sodini, 2014), and speak to persistent wealth inequality
through fund participation channel.

Households with no high school relative to households with some college are 4%
less likely to invest, while households with a college degree are 3% more likely to invest in
investment funds. While similar studies Calvet et al. (2009b) and Van Rooij et al. (2011)
resort to defining a measure of financial skill, I discuss my findings based on the direct
measure of financial literacy. Households with a high degree of financial skill are 5% more
likely to participate in the fund, which underlines limited understanding of fund options for
the low level of financial skill (Nieddu and Pandolfi, 2021).

While education and wealth effects align with direct stock market participation (Calvet
et al., 2007), model estimates inform about the use of financial skill in trusting the fund
management. These results are in line with Kacperczyk et al. (2019), where low levels of
study-defined financial skill imply shifting from intermediated products to standard liquid
assets.

1.4.2 Investment Fund Participation-How Much do Investors Allocate?

The Inverse Mills Ratio is significant, which implies the selection of the data. Thus,
both estimated coefficients and marginal effects presented account for the bias.

In the rest of the section, outcome equation marginal effects estimates are reported
conditional on investment fund participation, thus informing about relevant margins for
the investment size. Table 16 in the Appendix A.1.3 reports all marginal effect coefficients,
whereas Figures 29, 30a, 30b, and 31 provide a visual representation.

Even though older households are less likely to participate, older investors allocate
more to funds of choice. On the other hand, with the increase in debt-to-income ratio,
households invest less in investment funds.

The education effect could be interpreted with student debt effects. College graduates
allocate their funds to student debt repayment, therefore, buy smaller fund shares. In
contrast, high-school graduates invest approximately 40% more. Financial knowledge effects
show substantial variation, suggestive of under-diversification with investors of low degree of
financial sophistication, in line with Swedish microdata and study-specific measure of financial
knowledge (Campbell, 2006; Calvet et al., 2007). At the same time, households with a higher
level of education and financial literacy invest more in other financial and non-financial assets
(i.e., liquid savings and housing), according to the breakdown in Brandsaas (2021).

Finally, wealth effects on the fund investment size and supports conventional wisdom
in household finance. The wealth effect is substantially larger than others, separating the
investment size between the top and middle wealth quantile by more than double. These
results align with Calvet et al. (2007), who find that wealthier households invest more.
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1.5 Investment Fund Type Choice

Besides the investment size, the fund type choice contributes to heterogeneity in
investment return. Each fund type is, in turn, characterized by its performance, realized return,
and volatility. In this respect, households that consider all possible options automatically
choose their fund optimally. However, some households consider a narrow set of options,
potentially shifting away from the optimal choice under full consideration.

In the second part of the paper, I show that monetary losses due to limited consideration
are significant and heterogeneous across household characteristics. Specifically, holding
wealth fixed, losses are more significant for households with low financial skills and education.
Combined with previous findings, adverse effects of financial skills and knowledge on the
investment size, I discuss how limited consideration effects may be mitigated from the
household side.

Figure 1: Distribution over investment fund types for different levels of financial literacy.

Figure 1 depicts fund type distribution for different levels of financial literacy. Fund
types such as money market funds are not represented for lower levels of financial skill,
whereas the stock market fund choice is the most frequent choice among all levels of financial
skills. The Limited Consideration Model developed in this paper takes each fund type sample
representativeness into account, allowing different consideration sets among households. To
the best of my knowledge, this is the first study that explores limited consideration in
investment fund choice.
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1.5.1 Utility Specification

Fund investors have CARA (constant absolute risk aversion) preferences for fund
options defined with

u(c) =


1−exp(−νc)

ν
, if ν ̸= 0

c, otherwise
,

where ν is the parameter of the risk aversion. The model builds on Barseghyan et al. (2021),
extending utility maximization over discrete lotteries to the maximization over fund choice
with continuously distributed returns.

Specifically, I assume that given the size of investment Wi, household i chooses the
investment fund j, characterized with a return rj ∼ N (µj, σ2

j ), and the expense ratio ξj such
that expected utility is maximized. The utility of choosing an investment fund, assuming
heterogeneity in preferences νi ∈ [0, ν̄] is

ui(rj, ξj) = uij = 1 − exp(−νi(Wirj(1 − ξj)))
νi

.

Since returns are normally distributed, for the (narrow) fund choice set J , it follows

max
j∈J

E[uij] ⇔ max
j∈J

E[− exp(−νi(Wirj(1 − ξj)))]

⇔ min
j∈J

E[exp(−νi(Wirj(1 − ξj)))]

⇔ min
j∈J

exp(−νi(Wiµj(1 − ξj)) + ν2
i

2 σ
2
jW

2
i (1 − ξj)2)

⇔ max
j∈J

µj − νi
2 σ

2
jWi(1 − ξj).

The final expression allows for easier and faster evaluations of the objects of the model.
Estimations use Vanguard’s corresponding fund type data to approximate returns, volatility,
and expense ratios. Approximations are given in Table 2.

1.5.2 Limited Consideration Model

Similar to Barseghyan et al. (2021) and Manzini and Mariotti (2014), households
exhibit limited consideration. In contrast to the standard assumption that investors choose
the best alternative among all available, in this model, household i evaluates options within
individual consideration set Ji ⊆ J . Indicator yij = 1 denotes if household i prefers option
j among other options within their consideration set Ji,. The corresponding probability of
choosing fund j is (leaving out conditioning notation):

P(yij = 1) =
∑

J⊆J :j∈J
P(Ji = J)P(E[uij] > E[uik], ∀k ∈ J). (2)

Investment fund j appears in the household’s consideration set with probability φj,
independently of other alternatives. Further, I assume that consideration probabilities of
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investment funds are homogeneous across agents who face the same feasible choice set3.
Thus, the probability of any consideration set Ji = J ⊆ J is the intersection of individual
consideration alternatives:

P(Ji = J) =
∏
j∈J

φj
∏
j /∈J

(1 − φj). (3)

Standard to the limited consideration framework, I assume φj > 0 to omit never-
considered alternatives from the choice problem. This is because the option for which φj = 0
is never considered or compared to other alternatives and as such, does not affect the choice
problem. Combining equations (2) and (3) results in the following equation for the probability
of yij = 1 :

P(yij = 1) =
∑

J⊆J :j∈J

∏
j∈J

φj
∏
j /∈J

(1 − φj)P(E[uij] > E[uik], ∀k ∈ J). (4)

Using equation (4) to evaluate the probability of a choice yij, requires enumeration
of all possible consideration sets, which is computationally unfeasible. However, the model
feature outlined below does not necessitate approximations. Since equation (2) does not
include an error term, the choice-based expected utility can be ranked for a fixed parameter
of the risk aversion

E[ui1] < · · · < E[uij] < E[ui|J |],

where |J | denotes cardinal number of set J . Therefore, if yij = 1, it means that household i
chooses optimally and options ranked higher than fund j cannot be in the consideration set.
Thus, for fixed νi = ν, for all alternatives k ∈ J that are preferred over chosen alternative j,
P(E[uij] > E[uik]) = 1 and for all k /∈ J P(E[uij] > E[uik]) = 0. All together, denoting

Bν(yj = 1, x) = {k : E[uk|ν, x] > E[uj|ν, x]},

which, in combination with the previous derivation, yields the following form of the conditional
probability of choosing a fund j for a fixed value of risk aversion

P(yj = 1|ν, x) = φj
∏

k∈Bν(yj=1,x)
(1 − φk),

and corresponding probability of choosing a fund j across all households, conditional on fund
j characteristics:

P(yj = 1|x) =
∫
P(yj = 1|ν, x)dF. (5)

1.5.3 Maximum Likelihood Estimation

Limited Consideration Model estimation requires distributional assumptions regarding
preference parameters. Similar to Barseghyan et al. (2021) and Coughlin (2019), I assume

3Barseghyan et al. (2021) offer more general consideration probabilities that could be modeled as functions
of the agent’s characteristics
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the Beta distribution for the parameter of the risk aversion. Specifically, for each household i
with characteristics X:

log β1i

β2
= Xiγ, (6)

where γ is an unknown vector of coefficients to be estimated. Parameters β1i and β2 are the
parameters of the Beta distribution, where β1i is household-specific and β2 is common across
agents. By assumption, preference coefficients are random draws from a distribution with
the mean represented as a function of the observable characteristics given with the following
equation

E[νi] = β1i

β1i + β2
ν̄ = exp(Xiγ)

1 + exp(Xiγ) ν̄. (7)

Note, for consideration probabilities {φj}j∈J , joint product ∏k∈Bν(yj=1,x)(1 − φk) is piecewise
constant over alternatives. Thus, equation (5) can be written in the following form:

P(yj|x) = φj
D−1∑
h=0

(
(F (νh+1) − F (νh))

∏
k∈Bνh

(yj=1,x)
(1 − φk)

)
, (8)

where νh are the sequentially ordered breakpoints augmented by the integration endpoints
ν0 = 0 and νD = ν̄, and F (·) is a CDF of the Beta distribution. I estimate the equation
(8) using a Riemann integral approximation for the CDF. I assume that preferences depend
on wealth, education, and financial literacy, eliciting data patterns in household preferences
(Ameriks et al., 2003; Sutter et al., 2020; Mudzingiri, 2021). The estimation results are
given in section A.1.3 of the appendix in Table 18. In addition, appendix A.1.3 contains
estimation results of the Limited Consideration Model without any ad hoc assumptions
on preference heterogeneity. For both models, estimation results are reported with 95%
bootstraped confidence intervals for B = 1000 replications.

1.5.4 Full Consideration - Random Utility Model (RUM)

The Random Utility Model, commonly used in consumer choice literature, serves as
the benchmark for model comparison since it uses the assumption of full consideration. Hence,
I compare the LCM (presented above) with RUM, which incorporates additively separable
unobserved heterogeneity (e.g., Mixed Logit). Using standard derivations (McFadden and
Train, 2000) and the assumption that the utility error is iid Type 1 Extreme Value distributed,
the probability of choosing alternative j, conditional on risk aversion parameter ν, is given
with

P(yj|x, ν) = exp(Vj(x, ν))∑
k exp(Vk(x, ν)) ,∀j ∈ J .

where Vj(x, ν) = E[uj|x, ν]+εj. Similarly, the risk aversion parameter follows Beta distribution
such that parameters satisfy equations (6) and (7). Therefore, risk aversion parameters depend
on the same characteristics as in the limited consideration case. Finally, averaging over
household preferences yields the final expression for the probability of choosing the fund j,
conditioning only on fund characteristics

P(yj|x) =
∫
P(yj|x, ν)dF.
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In 1.5.4, F (·) is the CDF of the Beta distribution, suitable for the Riemann integral approxi-
mation within the Maximum Likelihood estimation procedure. The estimation results are
given in section A.1.3 of the appendix in Table 19. Estimation results are presented with
95% bootstrapped confidence intervals for B = 1000 replications.

1.5.5 Model Comparison

Barseghyan et al. (2021) show that the Limited Consideration Model and RUM
generate several contrasting implications. For example, RUM generally implies that each
alternative has a positive probability of being chosen and satisfies a generalized dominance
property. In contrast, the Limited Consideration Model can generate zero shares (consideration
probabilities for some funds can be zero) and does not necessarily abide by generalized
dominance. Hence, the limited consideration assumption appropriates non-existent shares
with sample groups in the SCF data (Figure 1).
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Figure 2: Predicted choices for the Limited Consideration Model and observed choices with
95% confidence intervals. Investment fund types include the money market, stock market,
and government bond fund, with other bond funds (i.e., corporate bonds), combined funds,
tax-free bond funds, and others (specifically, hedge or growth).

Figure 2 depicts predicted choice probabilities using the estimated Limited Considera-
tion Model in comparison with observed household choice. The predicted probabilities fit
observed choices well across all fund types, even when restricting preference parameters.

In contrast, the Random Utility Model predicts homogeneous probabilities across all
fund types (shown in Figure 3), thus does not fit as well. For each type of fund, predicted
choice probabilities do not correspond to the 95%-confidence intervals.

Overall, standard full information setting does not reproduce choice patterns in the
SCF data, whereas incorporating a narrow consideration set appropriates non-existent shares
in some type of funds for sample subgroups. Moreover, calculating Likelihood Ratio test
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Figure 3: Predicted choices for the Random Utility Model and observed choices with 95%
confidence intervals. Investment fund types are: money market, stock market, government
bond, other bond (i.e., corporate bond), combined, other (i.e., hedge or growth), and tax-free
bond.

statistics for non-nested models (Vuong, 1989) is 53.4949. Comparing the value with critical
values of the Normal distribution implies that the Likelihood Ratio test rejects the Random
Utility Model in favor of the Limited Consideration Model at all reasonable significance levels.
Therefore, including limited consideration appropriates the household decision process while
choosing the investment fund.

1.5.6 Conditional Probabilities Comparison

Given that aggregate sample, predictions show that the Limited Consideration Model
performs better as a household fund choice model, the next part of the paper estimates
choice predictions conditional on key household observables. Marginal effects estimates
in the first part of my analysis outline important margins for investment size: education,
financial literacy, and wealth (Figures 27, 28a, 30, and 31). In combination with the limited
consideration effect, monetary loss estimates, conditional on education, wealth, or financial
literacy, may be substantial.

Therefore, I outline conditional choice predictions across education, wealth, and
financial literacy levels. Group-based differences between the two model predictions show
that the Limited Consideration Model outperforms the Random Utility Model, even though
agents’ preferences depend on these characteristics. Consequently, cluster-based predictions
point to target groups for policy recommendations that could mitigate the effects of limited
consideration.

Figure (4a) depicts the quality of the Limited Consideration Model fit, conditional on
education. Pertaining to the adverse effects of education on investment size (Figure 27a),
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model predictions yield unambiguous estimates of average monetary losses.
Even though the Random Utility Model assumes risk aversion dependent on education,

it fails to capture the investment fund choice along the education margin. Conditional on
education, the Random Utility Model fit yields a similar conclusion as in unconditional
predictions; the Limited Consideration Model outperforms the Random Utility Model.

A similar conclusion follows from Figure 5, where observed choices are compared to
predicted choices for two models conditional on the level of financial literacy. Again, the
Random Utility Model fails to match the choice distribution across all financial literacy levels.
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(a) The Limited Consideration Model.
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(b) The Random Utility Model.

Figure 4: Distribution of choices for the Limited Consideration Model and for the Random
Utility Model compared to observed choices, conditional on the level of education.

17



Financial literacy = 0

1 2 3 4 5 6 7
0

0.2

0.4

0.6

0.8

1
Financial literacy = 1

1 2 3 4 5 6 7
0

0.2

0.4

0.6

0.8

1

Financial literacy = 2

1 2 3 4 5 6 7
Mutual fund type

0

0.2

0.4

0.6

0.8

1
Financial literacy = 3

1 2 3 4 5 6 7
Mutual fund type

0

0.2

0.4

0.6

0.8

1

(a) The Limited Consideration Model.
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(b) The Random Utility Model.

Figure 5: Distribution of choices for the Limited Consideration Model and for the Random
Utility Model compared to observed choices, conditional on the level of financial literacy.

1.5.7 Results From the Limited Consideration Model

Limited Consideration and Random Utility model estimates imply the Likelihood
Ratio test statistic for non-nested models (Vuong, 1989), which rejects the Random Utility
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Model in favor of the Limited Consideration Model on all usual significance levels. Thus,
I can conclude that some households optimize their fund investment based on a narrow
consideration set instead of considering all available options.

Table 18 in section A.1.3 of the Appendix contains maximum likelihood estimates, with
the average risk aversion for CARA, ν̄MLE = 0.0094, in line with insurance choice revealed
preference in Barseghyan et al. (2021) and Coughlin (2019), and experimental data estimates
in Rabin (2013). Shifting away from unrestricted risk aversion to functional dependence on
household characteristics does not distort the mean of the risk aversion distribution.

Observable characteristics, such as financial literacy and education, significantly affect
a household’s risk aversion. In contrast, wealth estimates show insignificant effects on risk
aversion, in line with the CARA utility assumption. Due to the high degree of model
non-linearity, I abstract from giving an interpretation of the signs or the size of coefficient
estimates.

Nevertheless, I analyze the average monetary losses due to limited consideration,
thus the losses from not choosing the first best. The model does not allow disentangling
the underlying mechanism that prevents households from considering all options. However,
Figure 1 suggests that, for the same amount of wealth, financially sophisticated households
consider broader sets of options, thus choosing options not chosen by less financially literate
households. It may be that financially savvy households find it less costly to learn about the
options at hand.

1.5.8 Monetary Loss Due to Limited Consideration

In order to evaluate the effect of agents’ limited consideration, I calculate monetary
losses conditional on education, financial literacy, and wealth-based household groups. I
calculate the gains from switching to full-consideration behavior and discuss policy-relevant
household groups.

Because I assume CARA utility, household i is willing to accept ceij instead of investing
in the chosen fund, either under limited or full consideration, jLC and jRUM , respectively
(certainty equivalent)

ceij = − 1
νi

log(1 − νiE[uij]), j ∈ jLC , jRUM .

I take the difference ceLCij − ceRUMij and average them across the household and household
subgroups.

Table 20 shows average losses in measured $10, 000 across education and financial
literacy levels. Results from the first column imply that, on average, households lose around
$2, 727 because of narrow consideration sets. Specifically, households with high school
education at most lose more than the average. However, evidence in Campbell (2006)
suggests that many households invest effectively and a minority make significant mistakes,
whereas I find that all groups of households face significant monetary losses.

Next, re-evaluate monetary losses across education and financial literacy levels for
fixed wealth quantiles. While 6 reveals small differences between education levels, Figure 7
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shows that financial literacy-based differences are substantial, especially in the lower half of
the wealth distribution.

Combining adverse knowledge effects on the investment size with losses in Table 21
speaks to subsamples appropriate for fund type information provision. Namely, wealthier
and less educated households face larger losses due to limited consideration. According to
Heckman model estimates (Figures 30a,30b and 28a), these households invest more and
under-diversify due to limited consideration. The results are presented in Table 21.
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Figure 6: Average monetary loss for households’ low and high level of education grouped by
wealth category.
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Figure 7: Average monetary loss for households’ low and high level of financial literacy
grouped by wealth category.

To summarize, even though I do not specify the mechanism behind the limited
consideration behavior of agents in their choice of investment fund, my estimates imply
that agents with a lower level of education or financial literacy face greater losses. Adverse
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effects of financial literacy and education are potentially attributable to higher information
acquisition costs, which prevent the household from evaluating all alternatives in the choice
set.

1.5.9 Source of Limited Consideration, Heterogeneous Returns and Wealth
Inequality

In the paper, I cannot disentangle the mechanism underlying the limited consideration
behavior. Both theoretical and empirical studies on consumer choice discuss potential sources
behind abstracting from some options.

Caplin et al. (2019) show that, because it is too costly to consider all available options,
rational inattentive agents take actions from constrained choice sets (i.e., they limit their
consideration sets). Similarly, households with a lower level of education and financial literacy
in the SCF data potentially face higher attention costs and correspondingly larger monetary
losses from limited consideration.

In contrast to modeling information acquisition frictions, the source of the limited
consideration could be attributable to the information provision from the supply side, with
a financial advisor who allocates their clients how they see fits (Mullainathan and Shleifer,
2005; Mullainathan et al., 2012; Gil-Bazo and Imbet, 2020).

Financially skilled households may explore their options on their own, whereas house-
holds with low financial literacy may follow financial advice easily, aligning with the model in
Gennaioli et al. (2015), where financial intermediaries reduce the perception of the riskiness
of a proposed investment. In this regard, their finding is in line with another result of this
paper - investment fund choices are concentrated towards stock market investment funds
(depicted in Figure 1), which imply a higher return but higher volatility at the same time.

1.5.10 Connecting Two Estimated Models

In this section, I use estimated parameters from the Limited Consideration Model and
regress model-implied expected utilities on household characteristics. As a result, I obtain
elasticities of (expected) marginal utility across relevant margins. That is, I define

Yi =

E[ui], if investment occurred,
0, otherwise.

I keep the regressors the same as in the Heckman Model to draw a parallel between coefficients
with (LCM) and without (Heckman) modeling utility. In general, estimated coefficients
overlap in sign and size. Results of the estimation are given in section A.1.3 of the appendix
in Table 22.

Using the results from Table 22, I am now able to calculate (semi) elasticity of marginal
utility of investing in variables such as wealth and financial literacy4. I find that the expected

4That is, I calculate the percentage change of the left-hand side variable corresponding to a change in the
categorical variable of the right-hand side variable of the regression.
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utility of investing increases with education level, amounting to 33.5% higher utility for
college graduates in comparison to households with lower education. Similarly, the expected
utility of investment is 40.9% higher when comparing households with financial literacy equal
to 3 to those with financial literacy equal to 2. In addition expected utility monotonically
increases with wealth.

Estimated elasticities of the marginal utility of investing in financial literacy imply
welfare-increasing effects of financial education. Consequently, improving financial literacy not
only increases utility but also reduces monetary losses attributable to limited consideration.
Thus, financial education policy implies welfare improvement across the wealth distribution.

1.6 Conclusion

In this paper, I take a novel approach to modeling participation in the financial asset
market. Instead of using a standard portfolio model, I consider investment fund choice
as a discrete consumer decision problem. Using the SCF data, I employ the Heckman
Two-Step Model to elicit household characteristics important for the extensive (opting in)
and intensive (investment size) margins of fund investing. Results on the likelihood of
participation show that wealthier and financially sophisticated households choose to invest
in a fund. Controlling for wealth, investment size decreases with education and financial
literacy, potentially contributing to diversification.

Next, I analyze specific investment fund choice. I take a novel approach and explore
limited consideration in the type of investment fund choice. Consequently, I build on the
lottery-based framework in Barseghyan et al. (2021) by accounting for returns behavior, i.e.,
incorporating continuous random outcomes of a choice at hand. As a result of my estimates,
I reject the full consideration behavior of households (RUM) in favor of limited consideration
behavior. In contrast to previous literature, I show that households do not achieve first-best
allocation because they consider only a constrained set of available investment options.

Given that the usual approach to investment choice in the literature is a full consider-
ation setting, I evaluate the monetary losses accrued to limited consideration behavior. I find
that, under limited consideration, all households make mistakes in their fund choice, which
contradicts the findings within the full consideration framework (Campbell [2006] finds that
most households invest effectively and a minority makes mistakes). In addition, I find that,
across the wealth distribution, households with a lower level of education or financial literacy
face larger monetary losses than households with higher levels.

Finally, I estimate the elasticity of the marginal utility of fund investing and find
that utility increases in both education and financial literacy. Overall, this study highlights
the importance of financial literacy interaction with limited consideration in households’
investment decisions, putting forth financial education as a prospective policy that could
mitigate the effects.
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2 Mortgage Shopping Behavior in the U.S. - Stochastic
Record Linkage

Co-authored with Marta Cota (CERGE-EI)

2.1 Introduction

Following the increase in data availability, the literature on financial behavior moved
towards empirical estimates of cognitive and monetary costs of individual investing and saving.
In an effort to unify cognitive costs and differences in understanding, Lusardi et al. (2010)
proposed to measure individual financial knowledge using a set of three survey questions
("The Big Three"). These questions define the objective financial literacy score and are
related to differences in saving and consumption behavior.

Whereas most of the literature focuses on the correlation between financial literacy
score and debt or asset level, our paper aims to uncover the mechanism underlying the positive
correlation between financial knowledge and individual debt management. In this regard,
we focus on the mortgage rate attainment in the U.S. and, using a stochastic imputation
procedure, show that individual shopping behavior and financial skill level interact and
explain a part of the residual mortgage rate variation after accounting for observables.

The U.S. mortgage market has undergone significant structural changes and advance-
ments in digital mortgage advertising and undertaking. With a steady increase in non-bank
online lenders, the mortgage market sustained an increase in competition, elicited through the
increase in mortgage eligibility to modest credit score borrowers (Zhou, 2022; Bhattacharya
et al., 2021). Following the increase in options, individual shopping behavior and financial
knowledge became significantly more important for mortgage attainment. In this respect, we
focus on the demand side while controlling for the other contract specifics.

Limited data availability does not allow connecting individual financial knowledge
to shopping behavior. To circumvent public data limitations, we employ the Stochastic
Record Linkage (Enamorado et al., 2019) and impute individual financial literacy scores for
borrowers in the National Survey of Mortgage Originations (NSMO). The stochastic linking
method allows us to control for the uncertainty in the financial skill level obtained from the
external data set. In this way, for every borrower in the NSMO, we estimate a distribution of
the financial skill level that depends on her respective match to a record in the Survey of
Consumer Finances (SCF).

The objective measure of financial skills provides unique insights for individual mort-
gage attainment. In this regard, our findings surpass subjective perceptions of financial
knowledge and risk aversion. Our first line of findings uses the SCF sample and suggests that
financial literacy exhibits a hump-shaped profile over the life cycle. Moreover, we show that
financially skilled borrowers are 20-30% more likely to refinance their mortgage, irrespective
of their income, education, and mortgage size.

Next, we turn to our new merged data set and measure the borrower’s effort using
the survey question on the number of mortgage lenders considered in the mortgage shopping
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process. Our estimates show that, among similar mortgage applicants, financially savvy ones
are 5% more likely to consider one additional lender. Moreover, we show that the search
effort effectiveness increases with skill level and predicts a 13.4 b.p. lower mortgage rate for
financially savvy borrowers who exert more effort in the mortgage acquisition process.

The sample period from 2014 to 2021 provides a window to observe variations in
financial skills and search effects within each origination year. We find that the interaction
effect increases over this timeframe. This period aligns with a simultaneous increase in the
presence of non-bank lenders in the U.S. mortgage market. Our findings indicate that, when
controlling for year effects, the influence of search efforts among financially savvy borrowers
increases over time. Consequently, we argue that financial skills and search activity are
increasingly pivotal in explaining mortgage rate disparities among U.S. households.

In our estimates, we go beyond the mortgage origination and observe borrowers’ loan
performance scores over time. We find that financially illiterate borrowers are 35-45% more
likely to be late with their payments three years after the mortgage originated. Given that
our estimates control for the mortgage amount, credit score, and payment-to-income ratio of
every mortgage, we interpret this result as a consequence of ill budgeting with low saving
buffers in case of individual payment shocks.

Our findings represent a set of stylized facts for the mortgage attainment process
in the U.S. In our subsequent work, we introduce a set of assumptions that correspond to
our findings on the importance of individual search behavior and financial knowledge for
mortgage rate attainment in the U.S.

2.2 Related Literature

This paper contributes to empirical studies on mortgage undertaking, refinancing,
and financial literacy effects on individual mortgage performance. Our paper leverages the
current way U.S. households face the mortgage process.

The empirical literature argues that financial literacy explains financial behavior in
the credit market. Bhutta et al. (2020) use mortgage origination platform data and show
that, even within the specific loan officer, there is a considerable amount of dispersion in
interest rates among otherwise comparable borrowers5. Moreover, Gerardi et al. (2023) find
significant race differences in mortgage prices, pertaining to more than income and education
differences.

The losses from the mortgage contract go beyond the choice at origination and may
come from refinancing mistakes. Our estimates from the SCF data corroborate findings in
Agarwal et al. (2016) and show that financially unskilled households do not refinance as often.
In the Danish environment, Andersen et al. (2020) attribute the mistakes to refinancing to
individual inattention. Keys et al. (2016) find that more than 20% of U.S. borrowers did
not refinance at the optimal time, when interest rates were low, and relate individual sub-
optimality to procrastination and financial sophistication. We estimate individual refinancing

5Specifically, Bhutta et al. (2020) compare borrowers with similar credit scores and characteristics searching
for the same loan amount.
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probability differences across financial literacy scores while controlling for other observables.
Owing to the series of seminal papers (Lusardi et al., 2010; Lusardi and Mitchell, 2014;

Lusardi et al., 2020), the correlation between individual financial literacy and portfolio choice
and saving behavior has been well documented. Bhutta et al. (2022b) focus on liquid savings
and show that financially unskilled households more often face liquidity constraints due to
their low liquid buffers. Through the lens of our estimates, lower buffers may be coming from
poor practice in mortgage choice.

Following empirical findings, Jappelli and Padula (2017) and Lusardi et al. (2017)
introduce financial literacy in the portfolio allocation model while assuming that individual
returns depend on the level of financial literacy. Our estimates suggest a mechanism that
relates mortgage rate attainment and individual financial literacy through search effort. In
this way, we introduce a search mechanism that we model in our subsequent paper.

In the European contexts, where the number of potential lenders is significantly lower,
Damen and Buyst (2017) show that borrowers can save more than €7,078 over the mortgage
term by shopping and comparing different mortgage products. Additionally, U.K. estimates
show that young and inexperienced borrowers make costly mortgage choices (Coen et al.,
2023).

Our estimates underscore the effectiveness of the mortgage search depending on
individual financial literacy scores, as low-income borrowers may be searching out of fear and
make costly choices (Agarwal et al., 2020). In this regard, the sign of the interaction between
search and financial skills changes as individual incentives change.

2.3 Data analysis and stylized facts

The empirical part of our paper stochastically merges two publicly available survey
data sets, effectively defining a novel data set on U.S. mortgage originations. Leveraging
on the robustness of stochastic imputations, we outline the set of estimates that highlight
the importance of financial skills and search behavior in mortgage attainment. Whereas
most of our inference is correlational, a novel dataset provides a causational explanation for
mortgage performance a couple of years after the mortgage originated. First, we introduce
the SCF data and present three stylized facts important for our model assumptions. Next,
we introduce the second data source (NSMO) and later proceed to present the findings of the
novel U.S. dataset (NSMO+) generated using the stochastic merging method.

2.3.1 The Survey of Consumer Finances

The SCF, a triennial survey of randomly chosen U.S. households, captures data on
investment, housing, and debt. These responses construct a comprehensive balance sheet for
typical U.S. households, which is vital for empirical household finance studies. Our analysis
focuses on a SCF subset with a "financial literacy score," from the 2016 and 2019 waves,
comprising 60,125 responses. By incorporating data on credit search behavior and mortgage
refinancing, akin to the NSMO data, we explore credit shopping patterns among 41,788
first-lien mortgage holders and renters, aligning with NSMO standards.
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2.3.1.1 Financial literacy

Financial literacy score is based on a set of three questions (The Big Three) that are
shown to be efficient in comprehensively evaluating individual financial skills (Lusardi et al.,
2010; Lusardi and Mitchell, 2014; Bhutta et al., 2022b). The set of questions tests individual
understanding of inflation, risk diversification, and compounding:

1. 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**/Exactly/Less than $102
– Do not know/Refuse to answer

2. Imagine that the interest rate on your savings account was 1% per year and inflation
was 2% per year. After 1 year, how much would you be able to buy with the money in
this account?

– More/Exactly/Less** than today
– Do not know/Refuse to answer

3. Please tell me whether this statement is true or false. “Buying a single company’s stock
usually provides a safer return than a stock mutual fund.”

– True
– False**
– Do not know
– Refuse to answer

Unlike perceived financial knowledge, which signifies confidence, these objective scores
provide insight into actual financial planning and behavior (Bhutta et al., 2022b; Lusardi
et al., 2010). To explore this, we employ a stochastic merging procedure, integrating mortgage
data with the SCF. This approach allows us to discern collective patterns in objective financial
skills, search effort, and mortgage rates among comparable borrowers.

First, we highlight essential household characteristics pertaining to financial literacy.
Utilizing an ordered logistic model, we predict financial literacy scores based on borrower
attributes. Table 3 presents personal attributes associated with financial literacy. Model-
generated probabilities indicate that college graduates correctly respond to all financial literacy
questions with a probability of 77%, while high-school graduates do so with a probability of
52%. Additionally, Figure 8 offers empirical evidence demonstrating a positive correlation
between educational attainment and financial literacy.

Although education explains a considerable portion of the variation in financial literacy,
as evident from the significant and substantial coefficients in Table 3, income, age, and race
also play significant roles. These factors highlight additional dimensions crucial for skills and,
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Table 3: Ordered logistic model, personal characteristics correlating with financial literacy.
Source: SCF, 2016-2019, authors’ calculations.

Dependent variable:
Financial literacy score

Worker 0.041∗

(0.025)
Married 0.111∗∗∗

(0.024)
Non-white −0.392∗∗∗

(0.019)
Female −0.474∗∗∗

(0.025)
Education: High-school 0.211∗∗∗

(0.031)
Some college 0.599∗∗∗

(0.031)
College degree 1.123∗∗∗

(0.033)
Income percentile: 20th - 40th 0.049∗

(0.028)
40th - 60th 3 0.073∗∗

(0.031)
60th - 80th 0.179∗∗∗

(0.035)
80th - 90th 0.349∗∗∗

(0.043)
90th - 100th 0.649∗∗∗

(0.048)
Observations 60,125

Note: Controlling for age and asset amount. ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Figure 8: Financial literacy distribution by education level. Source: SCF, 2016-2019, authors’
calculations.

consequently, individual saving and borrowing behaviors. We consider financial skills as a
dimension that encompasses these conventional explanatory variables, albeit imperfectly, due
to the impacts of learning by doing and unexpected expense shocks, as discussed in studies
such as Agarwal et al. (2007) and Lusardi and Mitchell (2014).

2.3.1.2 Stylized facts from the SCF

While the separation of financial literacy from other household characteristics falls
beyond the scope of this paper, we present key data patterns shedding light on individual
financial skills and their potential impacts on mortgage shopping behavior.

First, we document that financial skills vary with age. We apply a polynomial fit
to the standardized skill score across age groups. Although Figure 9 can not account for
cohort effects, the hump-shaped fit corresponds to panel data estimates depicting skill
variations over time (see Agarwal et al. (2007) and Lusardi et al. (2010)). Indicative of a
decline in consumer finance knowledge with approaching retirement, Figure 9 illustrates skill
depreciation, corroborating findings from panel-data studies on financial sophistication.

The second empirical fact underscores the positive correlation between refinancing
probability and financial literacy. Our analysis reveals that the likelihood of mortgage
refinancing increases with higher financial skills and mortgage payments, holding other
characteristics constant. Variations in these probabilities are illustrated in the heatmap
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Figure 9: Average financial literacy by age groups, polynomial fit. Source: SCF 2016-2019, authors’
calculations.

depicting predicted refinancing probabilities in Figure 10.
We evaluated the likelihood of mortgage refinancing among borrowers based on their

self-reported search efforts in making borrowing decisions. With borrower attributes and
mortgage size held constant, greater financial literacy, income, and effort imply a higher
likelihood of mortgage refinancing (as illustrated in Table 26 in the Appendix). In contrast,
Table 4 demonstrates that education does not significantly influence refinancing. Thus,
financial skills emerge as a distinct dimension significantly impacting refinancing decisions
within the SCF dataset.

Overall, coefficients in Table 4 imply that, across all income categories, financially
savvy borrowers are 20%-30% more likely to refinance their mortgage.

Our third finding highlights a positive correlation between financial skills and the
time households dedicate to credit shopping. Employing an ordered logistic model, we find
that financially savvy renters and homeowners invest a significant amount of time in credit
shopping, regardless of their housing expenses. The coefficient estimates are detailed in Table
5, and Figure 11 illustrates a heatmap showing model-predicted probabilities of spending
a considerable amount of time searching for credit among renters. Households with strong
financial skills tend to allocate more time to exploring credit opportunities, with a 15%
increase in the likelihood of spending additional time for mortgage owners and a 10% increase
for renters. Furthermore, our estimates indicate that renters, on average, dedicate less time
to search efforts, and their search intensity shows a more gradual growth with higher levels
of financial skills6.

In the SCF, an average homeowner has over 70% of their total monthly debt obliga-
tions dedicated to mortgage repayments. Consequently, the specifics of a mortgage contract
significantly influence expenditure and savings patterns throughout their working years,

6The heatmap of predicted probabilities for homeowners is available in Appendix B.3, Figure 40.
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Table 4: Binary regression estimates, likelihood of refinancing. Source: SCF 2016-2019,
authors’ calculations.

Dependent variable:
Ever refinanced their mortgage

Financial literacy score: low 0.093
(0.122)

medium 0.262∗∗

(0.116)
high 0.478∗∗∗

(0.115)
Search effort, borrowing: medium 0.055

(0.056)
high 0.125∗∗

(0.058)
Education: high school −0.106

(0.081)
some college −0.222∗∗∗

(0.081)
college degree −0.089

(0.080)
Female 0.103∗

(0.057)
non-white −0.280∗∗∗

(0.037)
Mortgage size: $83,000 - $159,000 −0.170∗∗∗

(0.047)
$159,001 - $ 297,000 −0.360∗∗∗

(0.049)
$ 297,001 - $ 1,450,000 −0.394∗∗∗

(0.054)
Constant −0.869∗∗∗

(0.175)
Observations 18,702

Note: Controlled for age, income, ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
family structure and survey wave effects.
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Table 5: Ordinal logistic regression, time spent shopping for credit. Source: SCF 2016-2019,
authors’ calculations.

Low-to-great deal of spent in shopping for credit(1-3)
Homeowners Renters

Low|Medium −15.343∗∗∗ 0.439∗∗∗

(0.236) (0.086)
Medium|Great −18.042∗∗∗ −1.748∗∗∗

(0.237) (0.090)
Mort. payment per month: -$750-$1150 −0.017

(0.049)
$1150-$1700 0.038

(0.053)
$1700-$2700 0.0314

(0.060)
$2700+ 0.071∗∗∗

(0.056)
Rent payment per month: $500-$690 −0.132∗∗

(0.046)
$690-$920 −0.058

(0.047)
$920-$1300 0.029

(0.048)
$1300+ 0.0385

(0.052)
Education: HS 0.421∗∗∗ 0.373∗∗∗

(0.074) (0.048)
some college 0.436∗∗∗ 0.612∗∗∗

(0.074) (0.048)
college degree 0.437∗∗∗ 0.565∗∗∗

(0.075) (0.053)
Wage percentile: 20-40 −0.0368 0.147∗∗

(0.059) (0.051)
40-60 −0.016 0.140∗

(0.061) (0.056)
60-80 −0.051 0.122∗

(0.063) (0.058)
80-100 −0.097 0.260∗∗∗

(0.068) (0.062)
Financial literacy: level 1 0.256 0.090

(0.112) (0.065)
level 2 0.400∗∗∗ 0.161∗∗∗

(0.106) (0.062)
level 3 0.350∗∗∗ 0.360∗∗∗

(0.105) (0.064)
Observations 22,178 19,610

Note: Controlled for gender, race, age, debt-to-income, ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
risk attitudes, assets, and survey wave effects.
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Source: SCF 2016-2019, authors’ calculations.
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Figure 11: Great deal of time spent shopping for credit, ord. logit predictions, renters only. Source:
SCF 2016-2019, authors’ calculations.

deeply impacting available liquidity. In this context, we obtain a dataset that is compre-
hensive, encompassing detailed information on both the mortgage contract and household
characteristics. Shifting our attention to mortgage data, we gain insights into individual
mortgage shopping behavior. Individual shopping behavior, coupled with a standard set of
observable factors, determines the mortgage interest rate, which frequently remains fixed over
the mortgage term.
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2.3.2 The National Survey of Mortgage Originations (NSMO)

Our novel data set leverages the amount of information within the NSMO. For a
representative sample of the U.S. population, NSMO connects mortgage registry data to the
survey on mortgage acquisition experience, spanning mortgage originations from 2013 to
2021. This survey includes newly originated first-lien residential mortgages, covering both
initial acquisitions and refinances. Important for our paper, the survey inquires about loan
shopping behavior and the overall consumer experience during the mortgage process. All
survey responses are matched with institutional lender data, providing specific details of the
mortgage contract, including locked-in mortgage rates, government sponsorship, low-income
area indicators, loan-to-value ratios (LTVs), borrower’s payment-to-income ratio, credit score,
education, and income. We limit the data to home purchases and refinancing, resulting
in a survey sample of 43,094 mortgages, each weighted to ensure representativeness in our
analysis.

Our focus revolves around borrowers’ search behavior prior to the mortgage application.
We use the question

• How many different mortgage lenders/brokers did you seriously consider before choosing
where to apply for this mortgage?

The individual survey responses serve as a proxy variable for the cognitive search effort.
Instead of relying on the number of formal mortgage applications, we analyze the number of
lenders considered. We argue that the response reveals the variation in the cognitive search
effort prior to the application process.

While the majority of borrowers tend to submit formal applications to a single lender
– resulting in over 35,000 mortgages being obtained from that chosen lender – the number
of lenders seriously taken into account varies across the sample. We assert that, due to the
expense associated with the application process, borrowers concerned about rejection are more
likely to apply to multiple lenders, driven by fear of being declined. This phenomenon has
been discussed in works such as Agarwal et al. (2020). Consequently, the number of lenders
considered reveals shopping behavior that provides deeper insights into cognitive efforts
invested into the attainment process. Important for our paper, approximately 70 percent of
the survey respondents undergo the mortgage process without the use of a mortgage broker.

Furthermore, the number of lenders considered reflects the contemporary approach to
mortgage exploration. Online applications typically compare various lenders and "recommend"
the optimal choice, considering the borrower’s credit score, income, and down payment options
7.

In Figure 12, we depict the raw data estimates to give a preview of search effort variation
across different financial skill levels. Low-skilled borrowers predominantly concentrate on a
single lender, while high-skilled borrowers frequently consider two, three, or more lenders.
While our paper’s foundation leverages financial skills data acquired through stochastic
matching, the appendix demonstrates how locked-in mortgage rates fluctuate in relation to

7For instance, a consumer can visit https://www.bankrate.com/mortgages/mortgage-rates/ and input
their current or desired mortgage amount to compare rates across lenders.
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education and search effort. Leveraging the matched dataset, we introduce the concept of
effective search among borrowers with higher skills and education. Thus, the rest of our
analysis remains concentrated on financial skills.

After the mortgage origination, the NSMO tracks individual mortgage performance
until loan closure. Conditional on averages in other borrower characteristics, our estimates
underline financial skills and search behavior as being significant in predicting meeting
payment due dates.
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Figure 12: The number of lenders considered at the time of loan origination, across financial skill
level, left-to-right panel. Source: NSMO+ data, authors’ calculations.

2.3.3 Stochastic imputation, mortgage data extended (NSMO+)

Information regarding individual mortgages is limited within the SCF. Beyond mort-
gage payments and past refinancing behavior, data on a mortgage contract is unavailable. To
overcome this limitation, we employ stochastic matching to integrate the two datasets. By
doing so, we maximize the utility of publicly accessible information about mortgage contract
specifics and individual skills, and account for the uncertainty inherent in the matching
process.

Instead of imputing financial literacy scores deterministically, the BRL method esti-
mates the distribution of financial skill level for every borrower in the NSMO. Based on the
set of mutual observables, we obtain Bayesian weights for every match between NSMO and
the SCF, and use them later for statistical inferences. This method has been analytically
shown to reduce the biases in coefficient estimates in linear models and preserve asymptotic
normality and consistency in non-linear estimation (Enamorado et al., 2019). We outline the
BRL assumptions and likelihood formulation in section B.4 of the Appendix.

Our paper is the first to link SCF and NSMO. Record matching allows us to estimate
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the financial skill distribution for every NSMO borrower. While Bayesian weights control for
the imputation-driven bias, details of the mortgage contract allow us to control our estimates
for other borrowers and mortgage specifics. In this way, our estimates reflect potential sources
of the mortgage rate dispersion among otherwise similar borrowers who apply for similar
contracts. Table 6 outlines population shares in respective data sources. The selection of
common observables we base our matches on are measures relevant to individual financial
skills, including income, education, gender, age, race, occupation, family characteristics,
and retirement plan and asset holdings. Once we have a borrower-specific skill distribution,
our estimates separate skilled and unskilled borrowers who search more or less, keeping the
lender’s side of the contract fixed (term, amount, government sponsorship, origination year,
etc.)

Table 6: Population shares in the respective sample. Source: NSMO 2013-2022 and SCF
2016-2019, authors’ calculations.

Data set
NSMO SCF

income [6%, 9% , 18%, 19%, 30%, 18%] [13%, 8%, 13% ,11%,20%, 35% ]

brackets
education [1%, 10%, 5%, 20%, 35%, 29%] [6%, 18%, 9%, 15%, 27%, 25%]

brackets
gender [44%, 55%] [17%,83%]

(Female,Male)
age [18%, 22%, 22%, 21%, 14% ,3%] [8%, 14%, 20%, 26% , 20%, 12%]

(<35,35-44,45-54,55-64,65-74,>=75)
race [84%, 6%, 10% ] [82%, 7%, 11%]

(Caucasian, African-American, other)
occupation [68%, 10%, 19% ,2%] [47%, 26%, 25%, 2% ]

(Employed, Self-employed, Retired/Student, Other)
has children [64%, 36% ] [60% , 40%]

(Yes, No)
owns financial assets [57%, 43%] [58% 42%]

(Yes, No)
retirement plan participation [86%, 14%] [62%, 38%]

(Yes, No)

NSMO+ data findings

In this section, we outline joint patterns in mortgage rates, individual search effort,
and financial skills and discuss individual mortgage performance across skill levels. Initially,
we discuss the importance of financial skills and their role in how much search effort is exerted
prior to mortgage attainment. Next, we delve into the interplay between financial skills,
search effort, and mortgage rates and introduce the concept of effective search among skilled
borrowers. Lastly, we focus on repayment behavior heterogeneity across different skill levels.
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2.3.3.1 Search, financial skills and locked-in mortgage rates

Using imputed financial skills, we find that financially savvy borrowers consider more
lenders on average, and show that search effort variation patterns resemble the breakdown by
education level (see Figure 37 in section B.2 of the Appendix). Moreover, we find that savvy
applicants search more effectively and generally secure lower mortgage rates in comparison to
their comparable counterparts.

2.3.3.2 Search effort and financial skills

In our sample, we redefine the number of lenders considered and bin 3, 4, and 5+
together and represent it with 3+. Our estimates show that while 60% of low-skilled borrowers
focus on only one lender and only 10% on three or more lenders, 58% of financially savvy
borrowers consider multiple lenders (Table 7).

Table 7: Number of lenders considered across financial skills, weighted frequencies. Source: merged
dataset, authors’ calculations.

Number of lenders considered
1 2 3+

Financial Literacy
Low 58.48% 41.52% 0
High 41.37% 36.42% 22.21%

Next, we estimate an ordinal logistic model that assumes latent thresholds for every
observation ij in the merged data set

P(num_consij = k) = pij,k = P
(

−κk−1 < βXi+βffin_skillsj +uij,k < κk
)
, k ∈ {1, 2, 3+}.

We adjust our estimates with borrower-skill specific distributional weights that account for
match uncertainty in the inflated set of 155,500 observations8.

Table 8 depicts the explanatory power of each borrower characteristic. Important
to our narrative, our estimates imply that financially skilled borrowers (top tercile) are
4% more likely to consider more lenders, i.e., search more. Moreover, we find that females
and borrowers living in non-metropolitan areas are 30 and 5 percent less likely to consider
multiple lenders. Additionally, education significantly affects search effort, as we find that
college graduates and post-college borrowers are 40% and 50% more likely to search more,
respectively.

Search effort correlates negatively with low-to-moderate non-metropolitan areas, known
as low-shopping areas, which are often subject to mortgage overpricing (Bartlett et al., 2022).
Notably, the effect of financial skills is of the same magnitude as income or credit score, or the
geo-location effect9. Abstracting from all standard observables leaves a significant residual

8We repeat the analysis with the linear probability model that does not require weights inclusion and
obtain similar results

9In addition, our SCF analysis shows significant variation of credit search effort with financial literacy,
with 20% higher likelihood for high-skilled borrowers to spend more time in loan shopping.
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Dependent variable: # of lenders considered
Coefficient SE z score

(Intercept):1|2 −0.4515∗∗∗ 0.0947 −4.7665
(Intercept):2|3 −2.1960∗∗∗ 0.0950 −23.1239
Financial literacy 0.0444∗∗ 0.0216 2.0616
Age −0.1603∗∗∗ 0.0143 −11.1923
Credit score 0.0515∗∗∗ 0.0146 3.5298
Female −0.2904∗∗∗ 0.0141 −20.5282
Race: non-white 0.2426∗∗∗ 0.0198 12.2247
Income:

$35, 000 − $49, 999 −0.0262 0.0379 −0.6922
$50, 000 − $74, 999 −0.0312 0.0356 −0.8767
$75, 000 − $99, 999 −0.0172 0.0364 −0.4734
$100, 000 − $174, 999 −0.0351 0.0362 −0.9685
$175, 000+ −0.0227 0.0401 −0.5659

Metropolitan area:
Low-to-moderate income −0.0176 0.0215 −0.8195
Non-metropolitan area −0.0517∗ 0.0237 −2.1834
Loan Amount:
$100, 000-$199, 999 0.0852∗∗∗ 0.0231 3.6859
$200, 000-$299, 999 0.1864∗∗∗ 0.0260 7.1664
$300, 000-$399, 999 0.2337∗∗∗ 0.0305 7.6579
> $400, 000 0.3157∗∗∗ 0.0324 9.7351
Education:

some college 0.2657∗∗∗ 0.0249 10.6772
college 0.4228∗∗∗ 0.0247 17.1297
post-college 0.5302∗∗∗ 0.0264 20.0973

Observations 155,500

Note: controlled for year effects. ∗p < 0.1; ∗∗p < 0.05; ∗∗∗p < 0.01

Table 8: Ordered logit with imputed financial literacy and weights.

effect of financial skills. However, the skills effect in our estimates remains conservative due to
the nature of our merging process and strong correlations between skills and gender, income,
education, etc., outlined in the SCF data analysis.

2.3.3.3 Residual mortgage rate dispersion and repayment costs heterogeneity

Next, we turn to the mortgage rate dispersion, controlled for mortgage specifics. We
focus on differences in mortgage rates across individual financial skills and search effort.

Controlling for the loan amount, term (30 years), borrower’s credit score ("Very good"
and "excellent"), and the origination year (fixed to 2016), we compare the residual mortgage
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rate dispersion across different levels of financial skills. Even though these borrowers are
comparable to mortgage lenders, financially savvy ones tend to lock in at lower rates. Figure
13 shows that the interest rate density for the savviest borrowers (denoted with the blue
curve) has a lower mean and is thicker towards lower interest rates. On the other hand,
unskilled borrowers are more likely to end up with higher interest rates, as shown in Figure
13 with the red density graph.

Using the 2020 origination subsample, we show that, for a $200,000 loan, the top
tercile of financially skilled borrowers secured mortgages with a 20 percent lower spread
in the mortgage rate distribution, underscoring the larger variation in interest rates
obtained by low-skilled borrowers. This pattern holds consistently over time, with the usual
spread difference ranging between 15% and 20%.
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Figure 13: Residual mortgage rate across financial skills. Source: merged data set, authors’
calculation.

Next, we regress the locked-in interest rate on a set of borrower characteristics Xi,
mortgage contract specifics Mi and match-based financial skills fin_skillsi:

ratei = α + βXi + βmMi + βffin_skillsi + γfin_skillsi × num_leni + εi,

and estimate the rate-based losses over the mortgage duration.
Table 9 displays coefficients for two sets of estimates, with the first column focusing

solely on first originations. In both regressions, we account for mortgage specifics, including
loan type, amount, term, sponsorships, number of underwriters, and loan-to-value ratios.

38



Table 9: Mortgage rate regression, controlling for loan and borrower characteristics. Source: merged
data set, authors’ calculations.

mortgage rate
(First origination) (All mortgages)

#Lenders considered: two 0.034 −0.006
(0.087) (0.062)

#Lenders considered: three 0.220∗ 0.125
(0.120) (0.083)

Financial skills 0.017 −0.016
(0.088) (0.060)

Considered 2 lenders× fin skills −0.072 −0.023
(0.113) (0.080)

Considered 3 lenders × fin skills −0.354∗∗ −0.220∗∗

(0.153) (0.106)
Age 0.044∗∗∗ 0.062∗∗∗

(0.010) (0.007)
Metro area - LMI tract 0.033∗∗ 0.022∗∗

(0.013) (0.009)
Non-metro area −0.018 0.003

(0.015) (0.010)
Female 0.032∗∗∗ 0.030∗∗∗

(0.009) (0.006)
African-American −0.005 0.007

(0.019) (0.013)
Asian −0.021 −0.036∗∗∗

(0.020) (0.013)
Other (including hispanic) 0.069∗∗∗ 0.051∗∗∗

(0.025) (0.017)
Income: $35,000-$50,000 0.007 −0.043∗∗

(0.024) (0.017)
$50,000-$75,000 0.036 −0.018

(0.023) (0.016)
$75,000-$100,000 0.034 −0.011

(0.024) (0.017)
$100,000-$175,000 0.064∗∗∗ 0.004

(0.024) (0.017)
$175,000 and more 0.054∗∗ −0.00004

(0.027) (0.019)
Education: high-school −0.054∗∗∗ −0.033∗∗∗

(0.017) (0.011)
college graduate −0.105∗∗∗ −0.071∗∗∗

(0.017) (0.012)
post-college graduate −0.131∗∗∗ −0.090∗∗∗

(0.019) (0.012)
Refinancing −0.074∗∗∗

(0.007)
Credit score −0.263∗∗∗ −0.247∗∗∗

(0.010) (0.007)
Constant 5.269∗∗∗ 4.955∗∗∗

(0.099) (0.066)
Observations 21,461 43,084
R2 0.369 0.440
Adjusted R2 0.368 0.439
Residual Std. Error 23.662 (df = 21412) 22.325 (df = 43034)
F Statistic 260.809∗∗∗ (df = 48; 21412) 689.013∗∗∗ (df = 49; 43034)
Note: Controlled for loan type, government-sponsored enterprise, ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
loan amount, number of borrowers, time effects, LTV and term.
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Notably, both sets of estimates reveal an interaction between financial literacy and search
effort, significantly contributing to the explanation for locked-in mortgage rates.

Initially, our findings align with those of Agarwal et al. (2020), showing that fear of
application rejection mechanically amplifies search efforts among first originations, ultimately
leading to higher average rates. This is highlighted in Table 9, which reveals a significant and
positive coefficient of 0.220 for search effort within the context of first originations. Upon
interaction with skills, the intensity of the search assumes the role of an informed mortgage
search. Financially skilled borrowers who explore a wider range of lenders tend to secure
lower mortgage rates. This translates to an average rate difference of 13.4 basis points (with
a corresponding coefficient of 0.220-0.354=-0.134).

Our supplementary findings align with existing research employing loan-level data,
underscoring that female and Hispanic borrowers often encounter higher mortgage rates. On
the flip side, individuals with higher education enjoy, on average, a reduction of 13.1 basis
points in rates during initial originations, though this effect decreases during refinancing. As
we consider the intricate interplay among skills, gender, race, and education, our estimates
concerning skill disparities present a cautious estimate of the minimum divergence in mortgage
repayments, subsequently impacting differences in consumption after accounting for mortgage
payments.

Nevertheless, when we analyze the variations in search effort and interest rate regres-
sions, it becomes evident that the extent and effectiveness of search effort differs based on
financial skills. This implies the likelihood of lower mortgage payments among financially
skilled yet comparable borrowers.

2.3.3.4 Effective search

We emphasize the role of effective search and compare our predicted distributions of
locked-in rates between borrowers who engage in extensive searches and those who consider
one lender only. Figure 14 depicts mortgage rate distributions across two scenarios. Low-
skilled borrowers that search more effectively do not gain from the search, as the mortgage
rate distribution stays the same (left panel in Figure 14). In contrast, high-skilled borrowers
who search more end up with lower rates (depicted by the blue curve in the right panel of
Figure 14), rendering their search as effective. Our findings on search effectiveness, coupled
with a significant and positive search coefficient in the interest rate regression (Table 9), align
with the fear of rejection mechanism among low-income borrowers in Agarwal et al. (2020).
Less financially savvy borrowers search more because they fear rejection. As a result, this
does not significantly change their mortgage rates compared to those who put in less effort.

The disparities observed in lock-in rates during the origination phase ultimately
translate into compounded losses over the entire mortgage term10. To illustrate, for a
$100, 000 loan with a standard duration, an average borrower with high financial skills
can secure a rate of approximately 3.8%, compared to 4.05% for those with lower financial
skills. This sets the lower boundary for cumulative losses at $6, 693 over the mortgage
term. Moreover, the additional impact of low search effort introduces more than $2, 636

10Over 75% of mortgages in our sample are 30 years fixed-rate mortgages.
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Figure 14: Mortgage rate dispersion; interaction of search effort and financial skills. High skilled
borrowers who exert more search effort generally lock in at lower mortgage rates. Source: merged
data set, authors’ calculation.

in costs throughout the mortgage term. These estimates, though not accounting for other
correlations among borrower characteristics, stand as conservative approximations for losses
in the mortgage market, amounting to at least $9, 329. Notably, this represents a significant
proportion of the losses derived from institutional data and subjective insights into the
mortgage process (Bhutta et al., 2020). Given that mortgage repayments accounts for over
70% of monthly debt payments, addressing these losses is an imperative for bolstering liquidity
for all households, especially those with lower incomes.

Figure 15 represents the year and financial skills interaction coefficient over the sample
period. Relative to the first year in the sample, 2013, later mortgage origination years
show signs of increasing significance of both financial skills and search effort for mortgage
rate attainment. Our sample period is marked by the steady increase in non-bank lenders
share in the mortgage market. As these lenders turn to online advertising and borrowing
(Bhattacharya et al., 2021), our findings are suggestive of increasing effects of skilled search
effort amidst the mortgage options expansion.

2.3.3.5 Mortgage performance after origination

NSMO+ tracks the individual mortgage performance until the loan closure, with
scores denoting missing repayment due dates up to and over 180 days, bankruptcy levels
based on U.S. law, and regular payments made on time. Specifically, the data set separates
scores for late payments up to 150 days, and the worst scores indicates mortgage payments
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Figure 15: Financial skill coefficient in the mortgage rate regression, differences over the sample
period. Source: merged data set, authors’ calculations.

later than 150 days and defaults.11.
The sample size constrains our analysis of the default and late payment indicators, so

we separate the score values for late payments and defaults from regular payments and define
the indicator variable 1{late payments or defaults}. We quantify the effect of individual financial
skills and search effort at the time of origination using the linear probability model estimation
that controls for other observables.

We model the probability as

P(late with payments) = α + βXi + βffin_liti + βssearch_efforti + εi,

where fin_liti is the average skill amount across all matches12. We regress the indicator on a
set of borrower observables, mortgage characteristics, individual financial skills, and search
effort at the time of origination.

We standardize all continuous regressors (age, credit score, payment-to-income ratio)
and compare the size of the coefficients. Our estimates are presented in Table 10.

Table 10 conforms to the standard intuition regarding household characteristics
prevalent for mortgage performance. While borrowers with greater payment-to-income ratio
are more likely to be late, those with higher credit scores are more likely to meet their
payment due dates. In line with Gerardi et al. (2023) and Bhutta et al. (2020), we find that

11According to the Home Mortgage Disclosure Act data, delinquency rates are reliable indicators of
mortgage default. https://www.consumerfinance.gov/data-research/mortgage-performance-trends/
mortgages-30-89-days-delinquent/

12We perform a separate, score-based analysis that shows the significance and similar effect size.
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non-white borrowers are more likely to be late with payments. Importantly for our paper,
financially skilled borrowers who exerted more effort are less likely to have been late on
payments two years after mortgage origination.

Figure 16 plots default prediction differences across different skill and search levels.
Specifically, our predictions state that financial unskilled face a 1.6 p.p. higher likelihood of
being late with mortgage payments. Added to this, borrowers who considered one lender are
0.2 p.p. more likely to be late with payments, possibly because they secured their mortgages
at higher rates. Put differently, getting one more question wrong in the financial literacy test
corresponds to being 40%-50% more likely to not meet mortgage repayments dates three
years after the origination.

1

2+

0 1 2 3

Financial literacy score

# 
o

f 
le

n
d

er
s 

co
n

si
d

er
ed

0.005

0.010

0.015

0.020

Likelihood of late payments

Figure 16: Likelihood of late payments across effort and financial skills. Source: Probability model
predictions, merged data set, authors’ calculation.

The patterns identified through our analysis of the SCF and NSMO+ serve as the
foundation for a mortgage search model that accounts for the variation in search costs
contingent on individual financial skills. We revisit each of these findings within the framework
of our model setup and explore their implications in our analysis of the steady state.

2.4 Conclusions

Our paper contributes to the empirical literature on mortgage undertaking in two ways.
First, we employ the stochastic record linkage procedure and merge the National Survey of
Mortgage Originations with the Survey of Consumer Finances, effectively creating a new data
set on mortgages that incorporates objective financial literacy scores. Second, we leverage the
statistical properties of the merging procedure and investigate the joint correlation between
individual financial literacy and search effort in the mortgage undertaking process while
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Table 10: Late payment probability, linear model. Source: merged data set, authors’ calculation.

P(Late payment)
Loan Amount: $100, 000-$199, 999 0.0001

(0.002)
$200, 000-$299, 999 −0.004∗∗

(0.002)
$300, 000-$399, 999 −0.004∗∗

(0.002)
> $400, 000 −0.005∗∗∗

(0.002)
Financial literacy −0.017∗∗

(0.007)
Multiple lenders considered −0.002∗∗

(0.001)
Female 0.002∗

(0.001)
Education: high-school 0.003

(0.002)
college −0.0001

(0.002)
post-college −0.0002

(0.002)
Race: non-white 0.005∗∗∗

(0.001)
Age 0.002∗

(0.001)
Payment-to-income 0.005∗∗∗

(0.001)
Credit Score −0.020∗∗∗

(0.001)
Constant 0.023∗∗∗

(0.005)
Observations 43,084
Adjusted R2 0.017
F Statistic 54.783∗∗∗ (df = 14; 43069)

Note: all variables are standardized ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
to preserve interpretability.
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accounting for specific record link uncertainty. Third, our findings introduce a novel search
mechanism that connects individual financial literacy and mortgage rate attainment.

Our data estimates show that financially skilled households seriously consider multiple
lenders more often, showing signs of an effective search procedure. Moreover, we show that
financial literacy and search interact and explain a part of the mortgage rate variation.
Specifically, skilled borrowers who search more end up getting a 13.4 b.p. lower interest rate
at the time of the origination. Using back-of-the-envelope calculations, we estimate the lower
bound for potential losses from unskilled search - for a $100,000 loan, financially unskilled
borrowers lose at least $9,329 dollars over the thirty-year mortgage span.

Our paper speaks to behavior after the mortgage was originated. Using our novel
data set, we show that financially unskilled households face a 34-45% higher likelihood of
becoming delinquent three years after the mortgage originated, irrespective of their payment-
to-income ratio. This finding, coupled with our findings on lower refinancing probability
among financially unskilled households, motivates the importance of the mortgage search
mechanism for consumption differences across similar borrowers.
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3 Tax Structures and Fiscal Multipliers
in HANK Models

Co-authored with Othman Bouabdallah (ECB) and Pascal Jacquinot (ECB)

3.1 Introduction

There is a long tradition in the literature of assessing the effect of an increase in
government spending on aggregate economic responses. However, standard DSGE models do
not capture heterogeneity, i.e., important distributional aspects such as inequality. Using
the Eurosystem Household Finance and Consumption Survey, we document heterogeneity in
HtM (hand-to-mouth) status and household asset holdings in liquid and illiquid accounts
for a set of European countries. Further, we develop a quantitative Heterogeneous Agents
New Keynesian (HANK) model that successfully matches HtM shares observed in the data.
Using the calibrated model, we show that financing government spending with a deficit and
transfers creates the largest positive long-term effect on output. Lastly, we show the nonlinear
and nonmonotonic relationship between the effectiveness of fiscal stimulus and debt-to-GDP
level.

Following Kaplan et al. (2014) and Kaplan and Violante (2014), we make an important
distinction between different types of HtM households with respect to asset holdings. Poor
hand-to-mouth (pHtM) households have little or no liquid wealth and no illiquid wealth.
Wealthy HtM (wHtM) also hold little or no liquid wealth, but hold positive amounts of
illiquid assets. The third group, non-HtM households, hold positive amounts in their liquid
accounts. Both pHtM and wHtM households have a large marginal propensity to consume
(MPC) out of small transitory income fluctuations. However, Kaplan et al. (2014) show
that wHtM households are similar to non-HtM households along several dimensions. They
emphasize distinctions between three groups of households, which we also show as an important
component of our analysis. In this paper, we analyze how the fiscal multiplier (elasticity of
output with respect to government spending) depends on household heterogeneity in HtM
status and asset holdings.

Kaplan et al. (2014) and Slacalek et al. (2020) use HFCS and show heterogeneity
in HtM status for four large countries (France, Germany, Italy, and Spain). Using the
updated HFCS, we complement their analysis by estimating shares for all available countries.
Estimated shares of HtM vary substantially across countries, i.e., from around 10% in Austria
and the Netherlands to above 40% in smaller, poorer countries such as Croatia and Slovenia.
Moreover, we document heterogeneity between countries in liquid and illiquid asset holdings.
Using the HFCS, Carroll et al. (2014) show heterogeneity in liquid assets and wealth across
countries. We add to their analysis using the most recent HFCS and show heterogeneity in
liquid and illiquid asset holdings.

Usually, to answer questions regarding fiscal multipliers, the literature analyzes the U.S.
economy and fixed debt-to-GDP. However, the case in Europe is different and more granular.
For example, EU countries are heterogeneous in their debt-to-GDP ratios. Some countries,
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including Italy and France, have debt-to-GDP ratios well over 100%, while smaller countries
such as Luxembourg and Estonia have a debt-to-GDP ratio below 30% (Bezhanova et al.,
2023). This raises a question of the dependence of the fiscal multipliers on the debt-to-GDP
level, even for the U.S. economy, where we focus in our calibrated model.

Qiu and Russo (2023) show that European countries are heterogeneous in tax levels
and income tax progressivity. Therefore, in this paper, we pose multiple questions. First,
describe how the fiscal multiplier depends on different taxation schemes. Second, we answer
the question of how the fiscal multiplier depends on different financing sources for government
spending. Next, we examine the role of household heterogeneity and distributional moments
in explaining aggregate movements. Lastly, we investigate how the fiscal multiplier varies
with debt-to-GDP level and income tax progressivity.

We build on a large body of literature that explores HANK13 models and develop
a quantitative HANK model with liquid and illiquid assets and a rich set of fiscal pol-
icy instruments to answer these questions. We show that financing government spending
through deficit, in general, implies higher fiscal multipliers. Moreover, financing deficit with
non-distortionary government transfers implies the highest positive long-term impact on
output. More specifically, lump-sum transfers circumvent individual frictions in liquidity
transformation and increase demand among liquidity-constrained households.

When we compare the effectiveness of the fiscal stimulus depending on different debt-
to-GDP levels and income tax progressivity, we find heterogeneous implications. First, we
find that higher income tax progressivity implies smaller fiscal multipliers when spending is
financed with transfers. Moreover, we find that the effectiveness of financing spending with
debt and transfers is non-monotonic. More specifically, the effectiveness increases with debt
level for a low debt-to-GDP economy and decreases with debt for a high debt-to-GDP level
economy.

Aligned with literature, e.g., Hagedorn et al. (2019) and Auclert et al. (2018), we show
that RANK (Representative Agent New Keynesian) and Two Agent New Keynesian (TANK)
models cannot produce fiscal multipliers in sizes or consumption response is the size or shape
consistent with the data.

Broer et al. (2023) highlight the fact that the transmission of fiscal shocks in the
(New Keynesian) NK setting is rather different from that of monetary shocks for at least
two reasons. First, since a fiscal shock directly affects households’ budgets, its effect directly
depends on other sources of income and their endogenous dynamic responses over time.
Assumptions about the distribution of factor incomes thus have a first-order effect on the
propagation of fiscal shocks.

It is well known that the effect of fiscal shocks depends on the response of real interest
rates. Moreover, Broer et al. (2023) note that accounting for wage rigidity dampens the
inflation response to fiscal shocks and, thus, the endogenous reaction of monetary policy
that typically counteracts the demand effect of fiscal shocks. This raises the fiscal multiplier
relative to the standard version of a model with only price rigidities, but also makes it
less sensitive to the current stance of monetary policy. A recent paper supports this view:

13See Kaplan and Violante (2018) for a recent overview of the literature.
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Auclert et al. (2023) show that it is impossible for NK models with flexible labor markets
to simultaneously match empirical estimates for marginal propensities to earn, marginal
propensities to consume, and fiscal multipliers.

Kaplan and Violante (2022) show that the HANK model with liquid and illiquid
assets matches the empirical MPCs much better than the one-asset HANK model. In
addition, Kaplan and Violante (2014) introduce two-asset models, and Kaplan et al. (2018)
and Luetticke (2021) highlight the ability of the two-asset model to match the differential
portfolio response to monetary policy shocks, and provide new evidence of the importance
of modeling both liquid and illiquid assets. We build on this by implementing a two-asset
HANK model with adjustment costs à la Kaplan et al. (2018). We rely on a fast and accurate
sequence-space Jacobian method implementation by Auclert et al. (2021) for the solution.

The four papers most closely related to ours are Bayer et al. (2023), Hagedorn et al.
(2019), Auclert et al. (2018), and Ferriere and Navarro (2024). All papers study fiscal
multipliers, and models include rigid wages. Further, Bayer et al. (2023), Hagedorn et al.
(2019), and Auclert et al. (2018) incorporate a two-asset structure. However, Bayer et al.
(2023) consider only one tax rate and a simple government problem. Similarly, the government
in Auclert et al. (2018) collects only progressive income taxes. The government problem in
Hagedorn et al. (2019) is more elaborate and includes dividend taxes as we do. Ferriere and
Navarro (2024) explore how the fiscal multiplier varies with income tax progressivity when
the government spending is financed by imposing more or less progressive income taxes.

In contrast to all four papers, we iclude progressive income taxes, dividend taxes,
and a two-asset structure. In addition, we include distortive consumption taxes in our
analysis. Moreover, we explore how fiscal multipliers vary with different levels of debt and
tax structures. None of the papers above offer answers to how the fiscal multiplier changes in
the case of government spending in a highly indebted state or in the case of a tax structure
with highly progressive taxes.

The rest of the paper is organized as follows. Section 2 presents findings on HtM
shares and asset composition for a set of European countries. In Section 3, we introduce
our model as well as the calibration and show model performance. Section 4 contains the
quantitative analysis of the fiscal multiplier. Section 5 concludes.

3.2 HtM Status and Household Portfolio

This section highlights household heterogeneity by comparing households’ asset hold-
ings by asset type and HtM status across a set of European countries using the HFCS. The
analysis details additional results, and variable definitions are in Appendix C.1.

Figure 17 shows HtM, pHtM, and wHtM shares across European countries. We observe
large heterogeneity in shares across countries. HtM shares range from low in Austria and the
Netherlands to high in smaller European countries such as Croatia and Slovenia.

We also also observe heterogeneity in pHtM and wHtM shares across countries with
similar shares of HtM households. For example, Germany and Italy have similar shares of
HtM households, around 16%. However, Germany has a larger share of pHtM households
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(around 10%) while Italy has a larger share of wHtM households (around 10%).
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Figure 17: wHtM and pHtM shares for a set of European countries; Kaplan et al. (2014)
definition. Source: Eurosystem Household Finance and Consumption Survey, wave 4.

Figure 18 documents heterogeneity in net liquid asset-to-income ratio across European
countries. Moreover, Figure 18 shows heterogeneity in net liquid asset holdings relative to
net income for smaller European countries. However, heterogeneity is also present for larger
European countries, i.e., France (around 1.05), Germany (around 1.26), and Italy (around
1.4). The same holds for net illiquid asset holdings (see Figure 44 in Section C.1 of the
Appendix).

These findings further motivate the two-asset structure of our HANK model. They
highlight the heterogeneity across HtM status and asset holdings. Our model accounts for
differential HtM status and asset types and highlights their importance for the fiscal multiplier
analysis.

3.3 Quantitative HANK Model

In this section, we present our model blocks. The time in the model is discrete and
infinite, and it is indexed with t ∈ {0, 1, 2, . . . }. The model consists of a continuum of
households indexed by i ∈ [0, 1] that receive utility from consumption and disutility from
labor and discount future with factor βi ∈ {β1, β2},∀i such that β1 < β2 and β1, β2 ∈ (0, 1).
Households earn wages and choose between consuming and saving in two types of assets. The
agents in the economy can save in liquid assets accounts that they can tap into in every period
at no cost. Accumulating illiquid assets brings higher returns, but agents face monetary costs
to adjust these assets.
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Figure 18: Net liquid wealth to income for a set of European countries. Source: Eurosystem
Household Finance and Consumption Survey, wave 4.

The rest of the economy consists of separate blocks. Financial intermediaries in the
first block manage agents’ assets and provide agents with returns. Financial intermediaries
manage the agent’s assets, i.e., manage their portfolios by investing in equity and government
bonds. In addition, financial intermediaries perform liquidity transformation for households,
i.e., they invest households’ liquid assets directly into government bonds at a proportional
cost. Other blocks are more standard in the literature and consist of intermediate and final
goods-producing firms, and unions and labor packers who manage labor in the economy. The
last is the government block, in which the government collects taxes, supplies bonds, and
controls government spending and transfers.

3.3.1 Households

Each household i in the economy chooses consumption ci,t, illiquid asset ai,t, and liquid
assets bi,t and faces adjustment costs for managing illiquid assets à la Kaplan et al. (2018).
More specifically, given initial liquid (bi,−1) and illiquid (ai,−1) asset positions, household i
solves

max
{ci,t,bi,t,ai,t,ni,t}

E
∞∑
t=0

βti

[
u(ci,t) − v(ni,t)

]
such that (9)

ci,t(1 + τ ct ) + ai,t + bi,t = zi,t + (1 + rat )ai,t−1 + (1 + rbt )bi,t−1 − Ψ(ai,t, ai,t−1)
ai,t ≥ a, bi,t ≥ b,
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where zi,t = τt(wtni,tei,t)1−θ + Ti,t is after-tax labor income14. Household income depends on
individual productivity ei,t, labor ni,t and wage rate wt = Wt

Pt
which we specify later in the text.

Moreover, household income depends on the level of taxes τt, income tax progressivity θ, and
government lump-sum transfers/taxes Ti,t. When choosing optimal consumption and assets,
households also face consumption tax τ ct . Lastly, we use v(ni,t) = γn

1+ 1
ϕ

i,t , and u(ci,t) = c1−σ
i,t

1−σ to
specify households household’s disutility from labor and utility from consumption, respectively.

For accumulating liquid assets, i.e., investing in government bonds, households receive
a return of rbt , whereas for investing in liquid assets, households receive a return of rat . The
adjustment cost function depends on the current asset (a−) and the choice of the asset for
the next period (a), and it is specified with the following functional form

Ψ(a, a−) = χ1

χ2

∣∣∣∣∣ a− (1 + rat )a−

(1 + rat )a− + χ0

∣∣∣∣∣
χ2

[(1 + rat )a− + χ0] , (10)

where χ0, χ1 > 0 and χ2 > 1.

3.3.2 Financial Intermediaries

A representative risk-neutral financial intermediary takes liquid and illiquid deposits
from households and invests them in government bonds Bg

t and firm equity pt. The financial
intermediary’s objective is to maximize the expected real rate of return rt+1. It performs
liquidity transformation at proportional cost ω

∫
bi,tdi. The no arbitrage requires that the

ex-ante return Et = [1 + rt+1] equals the expected returns on nominal government bonds
and on equity. The competitive financial intermediary passes these returns on to households
subject to intermediation costs:

Et[1 + rt+1] = 1 + it
Et[1 + πt+1]

= Et[dt+1 + pt+1]
pt

= Et[1 + rat+1] = Et[1 + rbt+1] + ω, (11)

where dt = d̃t(1 − τ kt ), are after tax dividends. However, the ex-post returns rt, rat , rbt are
subject to surprise inflation and capital gains. Assuming that capital gains accrue to the
illiquid account, we have

1 + rt = 1 + it−1

1 + πt
= 1 + rbt + ω (12)

and
1 + rat = Θp

(
dt + pt
pt−1

)
+ (1 − Θp)(1 + rt) (13)

where Θp denotes the share of equity in the illiquid portfolio.
14We use the progressive income taxation function proposed by Feldstein (1969) which was recently

popularized by Heathcote et al. (2017)
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3.3.3 Wage Setting

The labor sector in our model consists of multiple levels. On the first level, it is
composed of unions that differentiate raw labor and labor packers who buy differentiated
labor and then sell labor services to intermediate goods producers.

At any time t, union k sets its wage Wkt to maximize, on behalf of all the workers it
employs, utility facing Rotemberg (1982) adjustment costs,

JUt = max
Wk,t

∫ (
u(ci,t+t′) − v(ni,t+t′)

)
dΨi,t+t′ − ψ

2

(
Wk,t+t′

Wk,t+t′−1
− 1

)2

+ 1
1 + rt

JUt+1 (14)

taking as given the initial distribution of households over idiosyncratic states Ψi,t as well as
the demand curve for tasks coming from the labor packers, which is

Nk,t =
(
Wk,t

Wt

)−ε

Nt,

where

Wt =
(∫

W 1−ε
k,t dk

) 1
1−ε

is the price index for aggregate employment services. Solving the unions’ problem (see
Appendix for derivations) implies wage NKPC

(1 + πwt )πwt = κw
(
γN

1+ 1
ϕ

t − (1 − θ)
(1 + τ ct )µw

Ztu
′(C̃t)

)
+ β(1 + πwt+1)πwt+1. (15)

where κw = ε
ψ
, µw = ε

ε−1 , u
′(C̃t) =

∫ e1−θ
i,t∫
e1−θ

i,t di
u′(ci,t)di, and Zt is aggregate income tax (net of

transfers).

3.3.4 Firms

In our quantitative model, the firm’s sector also consists of multiple levels, i.e.,
intermediate and final good producers. First, intermediate goods producers hire labor services
from labor packers and rent out capital to produce goods. Second, final goods producers
aggregate intermediate goods with a constant elasticity of substitution µp

µp−1 > 1.
The equations for the model with investment are as follows. The production function

of each firm is Cobb-Douglas, F (kt−1, nt) = Ωtk
α
t−1n

1−α
t . Each firm pays out wages invests

in the capital that depreciates while facing capital adjustment costs ϕ
(

kt

kt−1

)
= 1

2δεI

(
kt

kt−1
−

1
)2

, and sets prices facing Rotemberg (1982) adjustment cost function ξ(Pt,Pt−1) =
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1
2κp(µp−1)

(
Pt−Pt−1

Pt−1

)2

. The Bellman equation for the intermediate goods firm is:

Jt(Pt−1, kt−1) = max
Pt,kt,nt

{
Pt

Pt
F (kt−1, nt) − Wt

Pt
nt − it − ϕ

(
kt
kt−1

)
kt−1 − ξ(Pt,Pt−1)Yt+

1
1 + rt

Jt+1(Pt, kt)
}
,

subject to F (kt−1, nt) =
(

Pt

Pt

)− µp

µp−1

Yt,

where it = kt − (1 − δ)kt−1.

All intermediate goods firms are identical in the equilibrium and thus make the same
choices, i.e., kt = Kt, nt = Nt, and Pt = Pt. The resulting Phillips curve for inflation (see
Appendix for derivation) is given by

(1 + πt)πt = κp (µp ·mct − 1) + 1
1 + rt

Yt+1

Yt
(1 + πt+1)πt+1,

where mct = Wt/Pt

Fn,t
are marginal costs. In the Appendix, we derive the following equations

for Tobin’s Q and capital

Qt = 1 + 1
δϵI

(
Kt −Kt−1

Kt−1

)
and

(1 + rt)Qt = αΩt+1

(
Nt+1

Kt

)1−α
mct+1 −

[
Kt+1

Kt

− (1 − δ) + 1
2δϵI

(
Kt+1 −Kt

Kt

)2]

+ Kt+1

Kt

Qt+1.

Lastly, gross dividends d̃t satisfy

d̃t = F (Kt−1, Nt) − wtNt − It − ϕ

(
Kt

Kt−1

)
Kt−1 − ξ(πt)Yt.

3.3.5 Monetary and Fiscal Policy

The monetary authority now follows a Taylor rule:

it = r + ϕππt.

Fiscal authority, i.e., government, solves more complicated problems in our model. Each
period, the government covers government spending Gt and transfers Tt by collecting taxes
and issuing bonds (at a price rt). In addition to progressive income labor tax revenue Zt
specified in the household problem, the government collects dividend taxes τ kt , consumption
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taxes τ ct and (collects/pays out) lump-sum taxes/transfers Tt. Therefore, in each period t,
the government budget constraint is given by

Bg
t + τ ctCt + Zt + τ kt d̃t = (1 + rt−1)Bg

t−1 +Gt + Tt. (16)

In addition to household heterogeneity described in equation (9), the government
problem and equation (16) are some of the most important pieces of the economy in our
analysis. In policy analysis, we use the calibrated quantitative model specified in this section
to analyze the effectiveness of the fiscal stimulus. More specifically, we are interested in how
the economy reacts in the case of an increase in government spending Gt. Given our model’s
rich set of fiscal instruments, the government has multiple options. However, the government
needs to balance its budget each period, i.e., the equality in equation (16) needs to hold in
each period.

Thus, the government has the following options: it can respond to an increase in
spending by reducing transfers Tt or by increasing the revenues from consumption (τ ctCt),
dividend (τ kt d̃t), or income (Zt) taxes. To increase revenues, the government has to increase
taxes. We call this option direct financing. Alternatively, the government can decide to
increase the deficit by issuing new bonds Bg

t . In turn, to be able to repay the debt, the
government resorts to using one of the four tax instruments specified above. We call this
option debt financing.

Because changing tax levels and transfers also affects other parts of the economy - for
example, households react to lower net income due to higher income taxes - we calibrate
the model to the U.S. economy to answer the question of the effectiveness of using different
tax instruments quantitatively. In addition, we analyze how the effectiveness of the fiscal
stimulus depends on income tax progressivity and the government’s debt level.

3.3.6 Equilibrium

In this section, we provide market clearing conditions and define the equilibrium.
First, in the equilibrium, the liquid asset market must clear∫

bi,tdi = Bh
t ,

where Bh
t are liquid assets supplied by financial intermediaries and

∫
i bi,tdi are aggregate

household’s liquid asset holdings. Second, household total wealth equals all assets in the
economy, i.e., government bonds and equity∫

ai,tdi+
∫
bi,tdi = pt +Bg

t .

From the market clearing conditions, we also derive the portfolio shares of financial interme-
diaries. Specifically,

Θp = pt
pt +Bg

t −Bh
t

.
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Lastly, we specify the goods market clearing condition using the following equation:

Yt =
∫
ci,tdi+Gt + It + ω

∫
bi,t−1di+ ϕ

(
Kt

Kt−1

)
Kt−1 + ξ(πt)Yt +

∫
Φ(ai,t, ai,t−1)di,

where It = Kt − (1 − δ)Kt−1.

Given a set of government policies and prices {Gt;BG
t ; τ ct ; τ kt ; τt;Tt}∞

t=0, an equilibrium
consists of a set of prices {Qt; rt; it; rat , rbt ;Wk,t;Wt;Pt; Pt}∞

t=0 and of a set of allocations
{ni,t; ci,t; bi,t; ai,t; ‘kt;Bh}∞

t=0 such that: (1) households maximize their utility subject to
budget constraints; (2) firms maximize profits subject to demand from final good producers;
(3) unions’ set wages subject to labor packers’ demand for labor; (4) financial intermediaries
maximize returns and returns follow their laws of motion; (5) the government budget constraint
holds; and (6), all markets clear.

3.3.7 Calibration

This section describes our choice of model parameters and parameters that target
moments from the data. Table 11 presents externally set parameters and sources from the
literature. Most of the choices for these parameters are standard in the literature, such as
inverse intertemporal elasticity of substitution (IES) and inverse Frisch elasticity, which are
set to value 2. The second block of Table 11 presents external calibration of tax-related
parameters in the government block. These values are specific to the U.S. economy. We
use the value for the progressivity parameter θ estimated by Heathcote et al. (2017), and to
specify the dividend tax level, we follow Trabandt and Uhlig (2011). We implement household
productivity as and AR(1) process with parameters ρe and σe.

Parameter Description Value Source

σ Inverse IES 2 Auclert et al. (2023)
ξ0 Portfolio adj. cost pivot 0.25 Auclert et al. (2021)
ξ2 Portfolio adj. cost curvature 2 Auclert et al. (2021)
ρe Autocorrelation of earnings 0.966 Floden and Lindé (2001)
σe Cross-sectional s.d. of log earnings 0.92 Auclert and Rognlie (2018)
ϕ Inverse Frisch elasticity 2 Chetty et al. (2011)
ϕπ Taylor rule coefficient 1.5 standard value
κw Slope of wage Phillips curve 0.03 Hagedorn et al. (2019)
κp Slope of price Phillips curve 0.03 Christiano et al. (2011)
εI Investment elasticity to Q 1 Auclert et al. (2018)

θ Income tax progressivity 0.181 Heathcote et al. (2017)
τk Dividend tax level 0.36 Trabandt and Uhlig (2011)

Table 11: Externally set parameters.

In contrast to externally set parameters, we choose a set of calibrated parameters to
target specific moments from the literature or the data. The last two columns present targets
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and resulting values in the steady state. Again, these parameters are specified for the U.S.
economy.

Household parameters: First, we normalize N=1; thus, we set γ = 1.094, disutility of
labor parameter to hit wage Phillips curve given a target for employment N = 1. Next, we
set β1 = 0.956 to match the pHtM share of 14% estimated by Kaplan and Violante (2022),
and we set β2 = 0.983 to satisfy the aggregate asset market clearing condition. We set
exogenously that there are 50% of more and 50% of less impatient households. We set ξ1, the
portfolio adjustment cost scale to 14.162 to satisfy the liquid asset market clearing condition.
Further, we set B = 1.04, to hit liquid assets-to-output radio of B/Y = 26%. Lastly, the
goods market clears by Walras’s law.

Technology parameters: We set µw = 1.1, so that we can obtain a steady state wage
markup of 10% markup. In addition, we set a steady-state markup µp = 1.079 to hit the
asset-to-output ratio of A/Y = 292%, an estimated value for the U.S. economy. We normalize
Y = 1 and set Ω = 0.433, a total factor productivity to hit a normalized value of Y = 1.
We set a capital share α = 0.360 to get the yearly capital-to-output ratio of K/Y = 2.565.
Lastly, we set δ = 0.02 to have an 8% yearly depreciation.

Financial parameters: We set 0.0125 and liquidity premium ω = 0.005 to have 5%
yearly return on illiquid portfolio and 2% yearly spread between liquid and illiquid asset
returns.

Tax parameters: First, we set G/Y = 20%, a standard value for spending-to-output
ratio. Next, we follow Ferriere and Navarro (2024) and set transfers to hit T/Y = 8.2%, a
long-run average since World War II. We choose τ c to match 8% value added tax. We set
BG to match 70% debt-to-GDP and choose τt = 0.650 such that the government budget is
satisfied.

3.3.8 Model Performance

Quarterly MPC is 16.56%, that is 51% in annual terms and the range of the annual
empirical estimates from the literature (e.g., Johnson et al. (2006); Jappelli and Pistaferri
(2014); Carroll et al. (2017)). Table 12 presents non-targeted moments. The results show
that our model performs well in matching HtM and wHtM shares without targeting these
shares. Moreover, it performs well in matching Gini coefficients for both types of assets and
shares of assets in the bottom 50% of the distributions. However, the model performs less
well in matching shares in assets in the top 50% of distributions. Specifically, the model
understates the share of assets of the top 10% and overstates the share of the next 40% in
respective distributions. It is worth noting that we do not allow agents to borrow and, thus,
we potentially restrict model performance in matching untargeted moments for liquid wealth.

3.4 Fiscal Multipliers

In this section, we compare the effectiveness of fiscal stimulus depending on the
source of financing and the state of the economy. To do so, we assume that government
spending increases by one percentage point and that it follows an AR(1)-type spending policy,
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Moment Model Data Source

Liquid Assets

top 10% share 64.54 86

Kaplan et al. (2018)next 40% share 35.36 18
bottom 50% share 0.10 -4

Gini coefficient 0.81 0.98

Illiquid Assets

top 10% share 48.58 70

Kaplan et al. (2018)next 40% share 51.23 27
bottom 50% share 0.19 3

Gini coefficient 0.74 0.81

HtM
HtM 41.8% 41%

Kaplan and Violante (2022)wHtM 27.7% 27%
pHtM∗ 14% 14%

Table 12: Non-targeted moments: model outcomes compared to data counterparts. Note: *
denotes the targeted moment used in the calibration.

dGt = ρGdG0. We set spending persistence ρG = 0.7. We take the following approaches to
analyze the impact of different government financing sources. First, to analyze the effect of
financing government spending with the deficit, we assume that transfers are chosen such
that they satisfy the following fiscal policy rule

Tt − Tss = −ϕB ∗ (Bg
t −Bg

ss),

and we set ϕB = 0.1. Thus, transfers decrease proportionally when the government increases
debt to finance spending. In case the government chooses consumption tax to finance the
deficit, they use the following fiscal policy rule

τ ct − τ css = ϕB ∗ (Bg
t −Bg

ss).

Therefore, when the government increases its deficit to finance an increase in spending, taxes
increase proportionally. We define similar policy rules for financing deficits with income and
dividend taxes. In our quantitative exercises, we choose Bg

t to balance the government budget
in each period.

To assess the effect of financing government spending without the deficit, we compare
the impact of each tax instrument when taxes are increased to satisfy the government budget
each period without an increase in the debt level.

This section compares our heterogeneous agents model with the representative and two-
agent models and further motivates the use of HANK models in analyzing fiscal multipliers.
Consequently, we explore the fiscal multiplier’s dependence on tax structures, government
debt level, and household heterogeneity. We use two measures for the fiscal multiplier. The
first measure, impact multiplier, is defined as dY0

dG0
, whereas the second measure, cumulative

fiscal multiplier, is defined as
∑

t
(1+r)−tdYt∑

t
(1+r)−tdGt

.
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3.4.1 HANK-TANK-RANK Comparison

Consistent with results in the literature (e.g., (Auclert et al., 2018; Hagedorn et al., 2019;
Bayer et al., 2023)), RANK and TANK cannot produce responses to government spending or
fiscal multipliers as seen in the data. Figure 19 compares RANK and TANK fiscal multipliers
and impulse responses to ones resulting from our HANK model, additionally motivating
the use of the HANK model in further analysis. The fiscal multiplier corresponding to the
RANK model is below 1, resulting from strong crowding out of investments and consumption.
Consumption response in the TANK model is positive and stronger than in the RANK model,
which results in an impact fiscal multiplier larger than 1. However, consumption drops
quickly, resulting in a cumulative fiscal multiplier smaller than one. Conversely, consumption
response in our HANK model is larger and declines slowly to the steady state value, resulting
in an impact and cumulative fiscal multiplier larger than 1.
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Figure 19: Impulse response functions corresponding to 1% increase in government spending
financed with government debt and transfers across representative, two-agents, and heteroge-
neous agents models.

3.4.2 Consumption Decomposition

As Figure 19 highlights, the HANK model is the only one able to produce fiscal
multipliers larger than one in addition to positive consumption multipliers. To explain
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Figure 20: Aggregate consumption responses decomposition.

the consumption response more intuitively, Figure 20 presents a compact decomposition
of different effects relevant to the consumption response. Using the Jacobian structure of
Auclert et al. (2021), we can decompose consumption responses into effects due to transfers,
income, rate change, and investments coupled with indirect effects. We use this decomposition
further to explain and highlight two dimensions of heterogeneity important for differential
consumption responses.

First, Figure 21 decomposes the aggregate consumption response on the response of
households’ consumption from the bottom 50% and top 10% parts of the wealth distribution.
From the bottom part of the wealth distribution, poorer households drive an initial positive
consumption response due to an increase in labor income and government transfers. However,
the effect is then crowded out. In contrast, wealthy households respond with a small decrease
in consumption and turn to investments. Consequently, due to higher capital gains, they
drive positive responses in aggregate consumption.

The second important dimension is to see how HtM status affects households’ con-
sumption decisions. Figure 22 decomposes consumption on the average consumption response
of HtM households and non-HtM households. The figure shows that HtM households, after
the initial increase in consumption, based on the effect of income and transfers, turn to
savings/investments and reduce consumption. In contrast, non-HtM households are not
affected that much by constrained assets and increase their consumption throughout the
period of government spending.
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Figure 21: Consumption decomposition based on households’ wealth.

0 10 20 30 40 50
t

0.00

0.02

0.04

0.06

0.08

0.10

Pe
rc

en
ta

ge
 p

oi
nt

s (
de

v. 
fro

m
 ss

)

C

debt financing

0 10 20 30 40 50
t

1.75

1.50

1.25

1.00

0.75

0.50

0.25

0.00

C-HtM
debt financing

0 10 20 30 40 50
t

0.00

0.25

0.50

0.75

1.00

1.25

1.50

1.75

C-nonHtM
debt financing

Figure 22: Consumption decomposition based on households’ HtM status.

3.4.3 Sources of Financing of Government Spending: Debt vs. Direct Financing

To compare fiscal multipliers dependent on the source of financing, we compare the
case when government spending is financed directly from taxes or transfers to when spending
is financed from an increase in government debt. Therefore, we use the fiscal policy rules
specified above. When spending is financed with an increase in debt, we compare cases when
the residual in government spending is financed by raising taxes or reducing government
transfers.

Figure 23 presents responses in four cases when government spending is directly
financed with transfers, consumption taxes, dividend taxes, and changes in the income
tax level. In all four cases, consumption is completely crowded out with investments, and
the consumption response is negative. Moreover, in all cases, both impact and cumulative
multipliers are less than one. On the one hand, financing with government lump sum transfers
produces both the highest impact (0.88) and cumulative fiscal multiplier (0.92). On the other
hand, financing government spending with an increase in consumption taxes produces the
lowest impact multiplier (0.58). On impact, financing with dividend and income taxes is
more effective than with consumption tax, however, at the cost of much higher inflation.
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Figure 23: Impulse response functions corresponding to a 1% increase in government spending
financed directly from government transfers or from consumption, dividend, and income
taxes.

In the case of government spending being financed by raising debt (Figure 24), both
impact and cumulative fiscal multipliers do not change much when using dividend tax. In
contrast, using consumption taxes produces an impact fiscal multiplier (0.89). However,
consumption is crowded out with investments, and the output response drops, resulting in a
cumulative multiplier of around 0.69. In the case of debt financing with income and dividend
taxes, the impact multipliers do not change significantly; however, due to strong crowding
out of consumption, cumulative multipliers are low. Finally, consumption is not crowded out
when the government uses transfers, which results in both the highest impact and cumulative
fiscal multipliers. Table 13 summarizes all cases’ impact and cumulative fiscal multipliers.

3.4.4 Debt Level and Income Tax Progressivity

In this section, we analyze how the effectiveness of the fiscal policy varies with respect
to debt-to-GDP and income tax progressivity. We calibrate models with the same targets as
in the baseline calibration from the previous section with the exemption of Bg and income
tax progressivity parameter θ. For debt-to-GDP we calibrate models for debt ranging from
30%-150% of the GDP. Moreover, we test the effectiveness of fiscal policies for progressivity
parameters taking four values, θ ∈ {0.05, 0.1, 0.18}.
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Figure 24: Impulse response functions corresponding to a 1% increase in government spending
financed with debt and from government transfers or from consumption, dividend, and income
taxes.

Tax instrument Impact multiplier Cumulative multiplier

Direct financing

T 0.88 0.92
τ c 0.58 0.43
τk 0.81 0.08
τ 0.80 0.55

Debt financing

T 0.97 1.21
τ c 0.89 0.69
τk 0.81 0.06
τ 0.82 0.33

Table 13: Cumulative and impact fiscal multipliers depending on the financing source for
government spending.

To ensure that steady states are comparable, we assume that economies have the
same spending-to-GDP ratio and transfer-to-GDP ratio, as well as other tax levels. However,
we assume that to compensate for higher debt, the government raises the income tax level,
holding everything else fixed. Depending on the tax instrument in hand, we find heterogeneous
effects of debt level and income tax progressivity.

In a recent paper, Ferriere and Navarro (2024) show that the fiscal multiplier increases
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when government spending is financed by changing the progressivity in income taxes. In our
policy exercise, we explore how the fiscal multiplier changes in an economy with more or less
progressive taxes; however, in our case, we consider when the spending is financed through
changing the lump-sum transfers/taxes or the level of other tax instruments. Moreover, we
show that the economy with more progressive income taxes faces lower effectiveness of fiscal
stimulus in the case of transfer financing. In contrast, more progressive economies enjoy
higher fiscal stimulus effectiveness when the government finances deficits with income taxes.

This section analyzes long-term changes in fiscal policy effectiveness, i.e., changes in
cumulative fiscal multipliers. Moreover, as the previous section showed that financing spending
with debt is more effective, in this section, we focus only on debt financing. Specifically, when
the government increases spending, it increases debt as well, and in turn, debt is repaid using
transfers. Figure 25 compares cumulative fiscal multipliers in the case of deficit financing with
transfers for economies with different income tax progressivity and debt-to-GDP levels. Even
though we use θ = 0.181 in our baseline calibration, a recent paper (Qiu and Russo, 2023)
estimates the progressivity parameter for both U.S. and European economies to be between
0.05 and 0.1. For plausible levels of income tax progressivity, Figure 25 shows the non-linear
and non-monotonic relationship between debt-to-GDP and the long-term effectiveness of the
fiscal stimulus. The effectiveness is highest for the medium range of debt-to-GDP, i.e., 60%.
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Figure 25: Cumulative fiscal multipliers in case of deficit financing with transfers for economies
with different income tax progressivity and debt-to-GDP levels.

The shape of the effectiveness of fiscal stimulus in Figure 25 is governed by the
differential financial intermediaries’ portfolio composition. Different portfolios imply different
incentives for households and their responses. In a low debt-to-GDP, more than 90% of
assets are invested in equity, compared to around 60% in a high debt-to-GDP state. Due
to portfolio differences, consumption response is negative and completely crowded out due
to investment incentives. In contrast, there is no crowding out of consumption in a high
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debt-to-GDP economy due to lower investment incentives. The interplay of this effect and
the fact that in a high debt-to-GDP economy, transfers need to be reduced much more to
compensate for the deficit increase add to the concavity of the shape of the effectiveness of
the fiscal stimulus.

It is important to mention the caveats of this analysis. This analysis does not take
into account the structure of debt, i.e., whether debt is held mostly domestically or abroad.
This would, in turn, have implications on the price of debt that could affect the effectiveness
of the fiscal policies at hand. Higher debt could put upward pressure on the interest rates and
thus could leave even less space for government spending. However, even though we abstract
from the structure of debt and debt sustainability in this paper, we observe concave patterns
in the most effective fiscal policies for financing government spending (i.e., the long-term
impact of deficit transfer financing (see Figure 25).

3.5 Conclusion

In this paper, we develop a heterogeneous-agents model with liquid and illiquid assets
to quantitatively analyze the fiscal multiplier. Implementing a rich set of fiscal policy rules,
including consumption, capital, progressive income taxes, and government transfers, allows
us to measure fiscal multipliers in various cases.

First, when we implement the tax structure with all taxes, we show that the RANK
and TANK models cannot reproduce aggregate responses as observed in the data. This
finding is similar to one already noted in literature (Auclert et al., 2018; Hagedorn et al.,
2019) but in an economy with less rich tax structures than ours. Second, using aggregate
consumption decomposition, we highlight the role of household heterogeneity in explaining
the aggregate consumption response to the increase in government spending. Third, using our
HANK model calibrated to the U.S. economy, we compare fiscal multipliers depending on the
source of financing. We show that financing government spending with debt and repayment
with lump-sum transfers yields the highest long-term effects on output. Moreover, lump-sum
transfers circumvent individual frictions in liquidity transformation and increase demand
among liquidity-constrained households. Lastly, we show concavity, i.e., a non-monotonic and
non-linear relationship between the effectiveness of fiscal stimulus and debt-to-GDP holding
the price of debt fixed.
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Summary

This dissertation investigates households’ financial decisions, their impact on well-
being, and the efficacy of fiscal policy. The research employs econometric methods to
examine investment fund and mortgage choices in Chapters 1 and 2, and develops a general
equilibrium model in Chapter 3 to evaluate fiscal policy effectiveness, considering individual
asset management frictions.

Chapter 1, "Limited Consideration in the Investment Fund Choice," explores how house-
holds select investment funds. It introduces the Limited Consideration Model, demonstrating
significant and heterogeneous losses from not considering all available options, especially
among less financially literate households. The findings suggest that financial education can
mitigate these losses.

Chapter 2, "Mortgage Shopping Behavior in the U.S. - Stochastic Record Linkage," co-
authored with Marta Cota, analyzes mortgage rate disparities among similar U.S. borrowers.
The study reveals that financial literacy and search effort significantly affect mortgage rates,
with financially literate borrowers obtaining lower rates. The research highlights the increasing
impact of non-bank lenders and the higher delinquency rates among financially unskilled
borrowers.

Chapter 3, "Tax Structures and Fiscal Multipliers in HANK Models," co-authored
with Othman Bouabdallah and Pascal Jacquinot, develops a heterogeneous-agents model to
assess fiscal multipliers. It evaluates various fiscal policies, emphasizing the role of liquidity
constraints in households. The analysis shows that deficit-financed government spending
with lump-sum transfers has the most substantial long-term impact on output by boosting
demand among liquidity-constrained households.
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Annexes

A Limited Consideration in the Investment Fund Choice

A.1 Investment Fund Market Participation

Two-Step Heckman Model and the LATE estimator

In the Two-Step Heckman Model, the outcome is the value of investing representative
of household preferences, thus unobserved by the econometrician. The model outcome of
household i is the latent variable

V ∗
ik = W ′

ikα + ηik, (17)

where k separates between investing and not investing. Wik defines the vector of household
observables and the error term ηij contains characteristics that are unobservable in the data.
For households who decide to invest, Vik corresponds to the investment size. Taking log of
the investment size allows interpreting marginal effects in percentage points.

Ultimately, the household i selects to invest if the value of investing is higher than the
value of non-investing. The second part of the Heckman Model is the selection equation

Y ∗
ik = X ′

ikβ + εik, (18)

where X defines households characteristics that correlate with latent variable Y ∗
ik that affects

the model outcome
INVik = 1{Y ∗

ik
>0}. (19)

All together, the selection equation (18) and the outcome equation (17) add to model
specification

INVik = 1{Y ∗
ik

≥0} =

1, if Y ∗
ik ≥ 0

0, otherwise
and Vik =

V ∗
ik, if Y ∗

ik ≥ 0
0, otherwise

.

Finally, the joint error distribution is assumed to be normal(
εik
ηik

)
∼ N

(
1 ρσ
ρσ σ2

)
, (20)

which corresponds to probit specification. I normalize the scale and set the variance of the
error ε to 1.

Table 14 in the Appendix A.1.3 contains estimation results. Inverse Mills Ratio is
significant in Table 14, and correlation ρ is negative. Thus, I need to account for the bias in
the outcome equation. Adjusted marginal effects are in Tables 15 and 16. As an additional
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robustness check, in Appendix A.1.4, I include income in the regression. Table 17 shows that
other estimates do not change and that income is insignificant in some instances. Thus, the
paper analysis does not contain income as an explanatory variable.

Kline and Walters (2019) show that, under certain conditions, the Heckman Two-
Step Model estimator is equivalent to the LATE estimator and, therefore, does not suffer
from sensitivity critique. I check whether my model specification and the SCF data satisfy
conditions in Kline and Walters (2019) and obtain the equivalence of the two estimators. For
this reason, the estimates in this section are robust to the sensitivity critique of the Heckman
(1979) estimator.

A.1.1 Investment Fund Participation-Who Participates?

The first column in Table 15 in the Appendix A.1.3 informs about marginal effects
for the selection equation, calculated in percentage points. I discuss my results using visual
representation in Figures 26, 27a, 27b, 28a, and 28b, and compare my findings with other
studies that use investor microdata. I focus on the extensive margin (deciding to invest)
and discuss sample subgroups as potential targets for policies relevant to investment fund
participation.

Figure 26: Selection equation marginal effects for age, debt to income ratio, homeownership
and stockownership status. Marginal effects are reported with 95% confidence intervals.

Figure 26 shows that older households are less likely to participate, in line with average
age differences between asset market participants and non-participants (Calvet et al., 2007).
Interestingly, renters are more likely to buy a share in the investment fund. Combining these
two facts adheres to the life-cycle narrative: asset accumulation with the purpose of house
down payment (Brandsaas, 2021). Clearly, stock owners are more likely to participate in the
investment fund, while debt reduces the likelihood of participation.

Figures 27a, and 27b present marginal effects of education and financial literacy on
the likelihood of the investment. Households with no high school relative to households with
some college are 4% less likely to invest, while households with a college degree are 3% more
likely to invest in investment funds. While similar studies Calvet et al. (2009b) and Van Rooij
et al. (2011) resort to defining a measure of financial skill, I discuss my findings based on
the direct measure of financial literacy. Households with a high degree of financial skill are
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(a) Base category is "Some College". (b) Base category is "Financial literacy = 2".

Figure 27: Selection equation marginal effects for education and financial literacy. Marginal
effects are reported with 95% confidence intervals.

5% more likely to participate in the fund, which underlines a limited understanding of fund
options for the low level of financial skill (Nieddu and Pandolfi, 2021).

While education and wealth effects align with direct stock market participation (Calvet
et al., 2007), model estimates inform about the use of financial skill in trusting the fund
management. These results are in line with Kacperczyk et al. (2019), where low levels of
study-defined financial skill imply shifting from intermediated products to standard liquid
assets.

(a) Base category is "Wealth 50-74.9%". (b) Base category is "Managerial/Professional".

Figure 28: Selection equation marginal effects for wealth and occupation. Marginal effects
are reported with 95% confidence intervals.

Figure 28a shows that higher wealth implies a higher likelihood of investment, with a
magnitude of almost four times as large as other household characteristics. In comparison
to the middle wealth quantile, the top wealth quantile is 20% more likely to participate in
investment funds. Correspondingly, households in managerial and professional occupations
are more likely to invest. These results are in line with stock market participation (Campbell,
2006; Calvet et al., 2007, 2009a,b; Calvet and Sodini, 2014), and speak to persistent wealth
inequality through fund participation channel.
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A.1.2 Investment Fund Participation-How Much do Investors Allocate?

The inverse Mills Ratio is significant, which implies the selection of the data. Thus,
both estimated coefficients and marginal effects presented account for the bias.

In the rest of the section, outcome equation marginal effects estimates are reported
conditional on investment fund participation, thus informing about relevant margins for
the investment size. Table 16 in the Appendix A.1.3 reports all marginal effect coefficients,
whereas Figures 29, 30a, 30b, and 31 provide a visual representation.

Figure 29: Outcome equation marginal effects for age, and debt to income ratio. Marginal
effects are reported with 95% confidence intervals.

Even though older households are less likely to participate, older investors allocate
more to funds of choice (Figure 29). On the other hand, with the increase in debt-to-income
ratio, households invest less in investment funds.

(a) Base category is "Some College". (b) Base category is "Financial literacy = 2".

Figure 30: Outcome equation marginal effects for education and financial literacy. Marginal
effects are reported with 95% confidence intervals.

Figure 30a represents the education effect and could be interpreted with student debt
effects. College graduates allocate their funds to student debt repayment and, therefore,
buy smaller fund shares. In contrast, high-school graduates invest approximately 40% more.
Financial knowledge effects show substantial variation, suggestive of under-diversification
with investors of low degree of financial sophistication, in line with Swedish microdata and
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study-specific measure of financial knowledge (Campbell, 2006; Calvet et al., 2007). At the
same time, households with a higher level of education and financial literacy invest more in
other financial and non-financial assets (i.e., liquid savings and housing), according to the
breakdown in Brandsaas (2021).

Figure 31: Outcome equation marginal effects for wealth. Base category is "Wealth 50-74.9%".
Marginal effects are reported with 95% confidence intervals.

Finally, Figure 31 depicts wealth effects on the fund investment size and supports
conventional wisdom in household finance. The wealth effect is substantially larger than
others, separating the investment size between the top and middle wealth quantile by more
than double. These results align with Calvet et al. (2007), who find that wealthier households
invest more.

A.1.3 Estimation Results Tabulated
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Table 14: The estimation results for the Two-Step Heckman Model estimated from the SCF.

Selection Equation Outcome Equation
Dependent variable:

1{Yij >0} log(invsize)

Year −0.089∗∗∗ −0.164∗∗∗

(0.018) (0.044)

Age −0.168∗∗∗ 0.307∗∗∗

(0.027) (0.072)

Age2 0.328∗∗∗ 0.012
(0.036) (0.107)

No High School −0.350∗∗∗ 0.435∗∗

(0.054) (0.173)

High School −0.138∗∗∗ −0.021
(0.030) (0.088)

College Degree 0.230∗∗∗ −0.149∗∗

(0.024) (0.066)

Financial Literacy = 0 −0.314∗∗∗ 0.730∗∗

(0.086) (0.285)

Financial Literacy = 1 −0.025 −0.045
(0.038) (0.114)

Financial Literacy = 3 0.442∗∗∗ −0.271∗∗∗

(0.022) (0.084)

Tech/Sales/Services −0.124∗∗∗

(0.027)

Other −0.225∗∗∗

(0.034)

Not Working 0.003
(0.027)

Owns Stocks 0.306∗∗∗

(0.021)

Renter 0.227∗∗∗

(0.030)

Wealth 0 − 24.9% −1.070∗∗∗ −1.219∗∗∗

(0.048) (0.210)

Wealth 25 − 49.9% −0.586∗∗∗ −0.781∗∗∗

(0.035) (0.127)

Wealth 75 − 89.9% 0.470∗∗∗ 0.821∗∗∗

(0.025) (0.093)

Wealth 90 − 100% 0.872∗∗∗ 1.521∗∗∗

(0.028) (0.136)

Debt to Income Ratio −0.044∗∗∗ −0.061∗∗∗

(0.006) (0.015)

Constant −1.696∗∗∗ 11.345∗∗∗

(0.036) (0.345)
Observations 49,377 5,125
R2 0.338
Adjusted R2 0.336
ρ −0.402
Inverse Mills Ratio −0.637∗∗∗ (0.165)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
Base category for education is "Some College", for financial literacy is "Financial Literacy = 2,"
for wealth is "Wealth 50 − 74.9%", and for occupation is "Professional/Managerial".
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Table 15: Marginal effects for the selection equation of the model.

estimate std.error z-statistic p-value conf.low conf.high
Age2 0.04391 0.00481 9.12 0.000 0.03447 0.05334
Age −0.02247 0.00355 −6.33 0.000 −0.02943 −0.01552
Debt to Income Ratio −0.00583 0.00081 −7.17 0.000 −0.00742 −0.00424
No High School −0.03710 0.00494 −7.51 0.000 −0.04677 −0.02742
High School −0.01633 0.00356 −4.59 0.000 −0.02329 −0.00936
College Degree 0.03279 0.00334 9.81 0.000 0.02624 0.03933
Financial literacy = 0 −0.02740 0.00634 −4.32 0.000 −0.03983 −0.01497
Financial literacy = 1 −0.00261 0.00392 −0.67 0.505 −0.01029 0.00507
Financial literacy = 3 0.05906 0.00289 20.96 0.000 0.05354 0.06458
Renter 0.03169 0.00432 7.33 0.000 0.02322 0.04016
Stock owner 0.04096 0.00279 14.66 0.000 0.03548 0.04643
Wealth 0 − 24.9% −0.08132 0.00329 −24.71 0.000 −0.08777 −0.07487
Wealth 25 − 49.9% −0.06080 0.00359 −16.95 0.000 −0.06783 −0.05376
Wealth 75 − 89.9% 0.09234 0.00516 17.88 0.000 0.08222 0.10246
Wealth 90 − 100% 0.20576 0.00797 25.82 0.000 0.19014 0.22138
Tech/Sales/Services −0.01650 0.00357 −4.62 0.000 −0.02351 −0.00950
Other -0.02861 0.00413 −6.93 0.000 −0.03670 −0.02052
Not Working 0.00038 0.00385 0.10 0.92200 −0.00717 0.00792
Observations 49,377

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
Base category for education is "Some College", for financial literacy
is "Financial Literacy = 2," and for wealth is "Wealth 50 − 74.9%".

Table 16: Marginal effects for the outcome equation of the model.

estimate std.error z-statistic p-value conf.low conf.high
Age2 0.01183 0.10651 0.11 0.912 −0.19692 0.22058
Age 0.30661 0.07228 4.24 0.000 0.16494 0.44827
Debt to Income Ratio −0.06116 0.01493 −4.10 0.000 −0.09041 −0.03190
No High School 0.43528 0.17261 2.52 0.012 0.09698 0.77358
High School −0.02135 0.08847 −0.24 0.809 −0.19475 0.15205
College Degree −0.14925 0.06560 −2.28 0.023 −0.27782 −0.02069
Financial literacy = 0 0.73032 0.28549 2.56 0.011 0.17076 1.28988
Financial literacy = 1 −0.04530 0.11437 −0.40 0.692 −0.26945 0.17886
Financial literacy = 3 −0.27094 0.08374 −3.24 0.001 −0.43508 −0.10680
Wealth 0 − 24.9% −1.21865 0.20957 −5.81 0.000 −1.62940 −0.80789
Wealth 25 − 49.9% −0.78148 0.12718 −6.14 0.000 −1.03076 −0.53221
Wealth 75 − 89.9% 0.82095 0.09296 8.83 0.000 0.63874 1.00315
Wealth 90 − 100% 1.52092 0.13565 11.21 0.000 1.25506 1.78678
Observations 5,125

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
Base category for education is "Some College", for financial literacy
is "Financial Literacy = 2," and for wealth is "Wealth 50 − 74.9%".
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A.1.4 Robustness Check - Income

Table 17: The estimation results for the Two-Step Heckman Model estimated from the SCF
with income included.

Selection Equation Outcome Equation
Dependent variable:

1{Yij >0} log(invsize)

Year −0.087∗∗∗ −0.162∗∗∗

(0.018) (0.044)
Age −0.164∗∗∗ 0.271∗∗∗

(0.027) (0.073)
Age2 0.337∗∗∗ −0.019

(0.037) (0.108)
No High School −0.331∗∗∗ 0.424∗∗

(0.054) (0.172)
High School −0.131∗∗∗ −0.011

(0.031) (0.089)
College Degree 0.221∗∗∗ −0.133∗∗

(0.024) (0.066)
Financial Literacy = 0 −0.297∗∗∗ 0.767∗∗∗

(0.087) (0.286)
Financial Literacy = 1 −0.020 −0.018

(0.038) (0.115)
Financial Literacy = 3 0.440∗∗∗ −0.267∗∗∗

(0.023) (0.083)
Tech/Sales/Services −0.122∗∗∗

(0.027)
Other −0.234∗∗∗

(0.034)
Not Working 0.015

(0.028)
Owns Stocks 0.306∗∗∗

(0.021)
Renter 0.239∗∗∗

(0.030)
Wealth 0 − 24.9% −1.027∗∗∗ −1.241∗∗∗

(0.049) (0.208)
Wealth 25 − 49.9% −0.569∗∗∗ −0.799∗∗∗

(0.036) (0.127)
Wealth 75 − 89.9% 0.463∗∗∗ 0.852∗∗∗

(0.025) (0.093)
Wealth 90 − 100% 0.865∗∗∗ 1.594∗∗∗

(0.031) (0.137)
Debt to Income Ratio −0.042∗∗∗ −0.062∗∗∗

(0.006) (0.015)

Income 20 − 39.9% 0.046 0.145
(0.044) (0.130)

Income 40 − 59.9% 0.078∗ −0.044
(0.042) (0.121)

Income 60 − 79.9% 0.198∗∗∗ −0.051
(0.041) (0.115)

Income 80 − 89.9% 0.079∗ 0.021
(0.045) (0.119)

Income 90 − 100% 0.127∗∗∗ −0.148
(0.047) (0.121)

Constant −1.812∗∗∗ 11.376∗∗∗

(0.052) (0.363)
Observations 49,377 5,125
R2 0.339
Adjusted R2 0.337
ρ −0.412
Inverse Mills Ratio −0.655∗∗∗ (0.163)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
Base category for education is "Some College", for financial literacy is "Financial Literacy = 2,"
for wealth is "Wealth 50 − 74.9%", for occupation is "Professional/Managerial", and for
for income is "Income 0 − 19.9%".
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A.2 Investment Fund Type Choice - Estimation Results

Table 18: MLE results for the Limited Consideration Model
(LCM): Investment Fund Choice

LCM LCM with Observables

Average β1i 8.29 [2.86, 12.3] 4.70 [0.0000, 8.51]

β2 18.3 [16.9, 21.0] 11.2 [6.52, 11.3]

Mean of ν 0.0094 [0.0058, 0.013] 0.0058 [0.0020, 0.010]

SD of ν 0.0026 [0.0025, 0.0029] 0.0025 [0.0022, 0.0045]

Intercept - - −2.57 [-2.73, -1.83]

Age - - −0.027 [-0.366, 0.026]

Age2 - - 0.0008 [-0.0002, 0.068]

Have Stocks - - 0.932 [0.889, 1.77]

Debt to income - - −0.209 [-0.399, 0.021]

Year - - −0.212 [-0.551, -0.106]

High School - - −0.202 [-0.393, 0.114]

Some College - - −0.0085 [-0.052, 0.260]

College Degree - - −0.928 [-1.74, -0.883]

Wealth 25 - 49.9% - - 0.015 [-0.013, 0.096]

Wealth 50 - 74.9% - - −0.0079 [-0.087, 0.022]

Wealth 75 - 89.9% - - −0.016 [-0.140, 0.043]

Wealth 90 - 100% - - −0.047 [-0.185, 0.022]

Financial Literacy = 1 - - 0.0006 [-0.030, 0.038]

Financial Literacy = 2 - - −0.434 [-0.806, -0.243]

Financial Literacy = 3 - - 0.424 [0.247, 0.792]

Money Market 0.501 [0.468, 0.530] 0.501 [0.469, 0.530]

Stock Market 0.753 [0.744, 0.761] 0.753 [0.744, 0.761]

Govt Bond 0.0039 [0.0003, 0.0070] 0.0039 [0.0003, 0.0070]

Other Bond 0.0000 [0.0000, 0.0000] 0.0000 [0.0000, 0.0000]

Combined 0.0094 [0.0056, 0.013] 0.0094 [0.0057, 0.013]

Other 0.030 [0.025, 0.035] 0.030 [0.025, 0.035]

Tax Free Bond 0.029 [0.016, 0.041] 0.029 [0.016, 0.041]

Table contains MLE results and 95% bootstrapped confidence intervals (in brackets) for B = 1000
repetitions.

81



Table 19: MLE results for the Mixed Logit:
Investment Fund Choice

Mixed Logit

Average β1i 1079.8 [123.5, 1807.4]

β2 113.2 [112.0, 127.9]

Mean of ν 0.011 [0.0092, 0.014]

SD of ν 0.0005 [0.0004, 0.0005]

Intercept −17.4 [-33.4, -15.7]

Age 0.660 [0.587, 1.24]

Age2 −0.0064 [-0.011, -0.0056]

Have Stocks −1.54 [-4.27, -1.22]

Debt to income −1.85 [-2.02, -1.76]

Year 1.49 [1.11, 2.00]

High School −1.77 [-2.45, -1.62]

Some College −1.55 [-2.10, -1.25]

College Degree 1.85 [1.75, 4.10]

Wealth 25 - 49.9% −0.113 [-0.169, 0.418]

Wealth 50 - 74.9% −0.512 [-1.17, 0.198]

Wealth 75 - 89.9% −1.37 [-2.21, -0.953]

Wealth 90 - 100% 1.36 [0.963, 2.16]

Financial Literacy = 1 −1.28 [-1.67, -0.833]

Financial Literacy = 2 −1.43 [-2.84, -1.07]

Financial Literacy = 3 1.60 [1.36, 2.07]

Sigma 0.768 [0.704, 0.827]

Table contains MLE results and 95% bootstrapped confidence
intervals (in brackets) for B = 1000 repetitions.
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Figure 32: Shift in the estimated average distribution of the risk aversion parameter.
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A.2.1 Monetary Loss Estimation Results

Table 20: Average monetary loss by group.

Average Monetary Loss

All −0.2727 [-0.4235, -0.2144]

No High School −0.4430 [-0.6834, -0.3229]

High School −0.2744 [-0.4202, -0.2111]

Some College −0.2034 [-0.3131, -0.1664]

College Degree −0.2856 [-0.4450, -0.2250]

Financial Literacy = 0 −0.1566 [-0.2209, -0.1188]

Financial Literacy = 1 −0.1520 [-0.2362, -0.1168]

Financial Literacy = 2 −0.2616 [-0.3963, -0.2072]

Financial Literacy = 3 −0.2825 [-0.4408, -0.2229]

Wealth 0 - 24.9% −0.0128 [-0.0201, -0.0096]

Wealth 25 - 49.9% −0.0210 [-0.0327, -0.0161]

Wealth 50 - 74.9% −0.0591 [-0.0905, -0.0464]

Wealth 75 - 89.9% −0.1887 [-0.2930, -0.1471]

Wealth 90 - 100% −0.5032 [-0.7835, -0.4002]

The average monetary loss is calculated and reported in
$10, 000.
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Table 21: Average Monetary Loss by Group

Average Monetary Loss

Low Financial Literacy & Low Wealth −0.0568 [-0.0855, -0.0452]

High Financial Literacy & Low Wealth −0.0398 [-0.0620, -0.0316]

Low Financial Literacy & High Wealth −0.3583 [-0.5474, -0.2834]

High Financial Literacy & High Wealth −0.3483 [-0.5435, -0.2753]

Low Education & Low Wealth −0.0467 [-0.0706, -0.0380]

High Education & Low Wealth −0.0446 [-0.0695, -0.0353]

Low Education & High Wealth −0.3533 [-0.5446, -0.2714]

High Education & High Wealth −0.3488 [-0.5439, -0.2772]

All −0.2727 [-0.4235, -0.2144]

The average monetary loss is calculated and reported in $10, 000.
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Table 22: The estimation results for expected utility estimated from the Limited Consideration
Model.

Dependent variable:
E[ui]

Year 0.069∗∗∗

(0.007)
Age −0.006

(0.009)
Age2 0.037∗∗∗

(0.012)
No High School 0.030∗∗

(0.012)
High School 0.014

(0.009)
College Degree 0.045∗∗∗

(0.009)
Financial Literacy = 0 −0.012

(0.017)
Financial Literacy = 1 −0.003

(0.010)
Financial Literacy = 3 0.055∗∗∗

(0.008)
Tech/Sales/Services 0.019∗

(0.010)
Other 0.0003

(0.011)
Not Working 0.051∗∗∗

(0.010)
Owns Stocks 0.070∗∗∗

(0.010)
Rents 0.059∗∗∗

(0.010)
Wealth 0 − 24.9% −0.056∗∗∗

(0.012)
Wealth 24 − 49.9% −0.029∗∗∗

(0.010)
Wealth 75 − 89.9% 0.147∗∗∗

(0.011)
Wealth 90 − 100% 0.879∗∗∗

(0.013)
Debt to Income Ratio −0.006∗∗∗

(0.001)
Constant −0.092∗∗∗

(0.012)
Observations 49,371
R2 0.138
Adjusted R2 0.138
Residual Std. Error 0.721 (df = 49351)
F Statistic 415.887∗∗∗ (df = 19; 49351)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
Base category for education is "Some College", for financial literacy
is "Financial Literacy = 2, for wealth is "Wealth 50 − 74.9%",
and for occupation is "Professional/Managerial".
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B Mortgage Shopping Behavior in the U.S. - Stochastic
Record Linkage

B.1 Motivating Findings From SCE

Motivating findings based on the data from the U.S. Survey of Consumer Expectations.
Figure 33 shows that the largest mass of non-informed households is from the lowest income
group. Moreover, the figure shows that the mass of non-informed households decreases with
higher income. Figure 34 shows that households from the lowest income group have the
highest debt-to-income ratios. In addition, Figure 35 shows that the largest shares of the
highest debt-to-income ratios are in the lowest part of the income distribution. The findings
from these figures imply that most exposed households are those that are the least informed
about credit possibilities.

Figure 33: Share of non-informed households by income group. Source: SCE, authors’
calculation.
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Figure 34: Share of non-informed households for each debt to income level over the income
distribution. Source: SCE, authors’ calculation.

Figure 35: Debt to income ratio distributions for each income group. Source: SCE, authors’
calculation.

B.2 The NSMO (2013-2020) analysis

The data on mortgages in the NSMO data range from 2013 to 2021, and tracks
mortgages originated during the 2013-2020 period. Households were chosen at random to
report the specifics of their mortgage contracts, reasons, and experiences. Details about
mortgage origination, combined with demographic characteristics, allow us to estimate the
effect of borrowers’ characteristics on the acquired mortgage interest rate, controlling for
mortgage specifics. First, we consider respondents’ attitudes toward the mortgage market
and their beliefs about the appropriateness of their lender selection. Second, we quantify the
correlation between education and search effort variation and the mortgage rate attained at
origination. Third, we extrapolate financial literacy from the Survey of Consumer Finances
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to find a link between financial skills and the interest rate obtained after the mortgage is
locked in.15

Interestingly, almost 70% of the borrowers believe that they would be getting the same
interest rate regardless of their choice of lender. 86% initiated the contact with the lender
themselves. While searching for options, 48% consider only one lender/mortgage broker.
Consequently, 77% applies to only one lender. However, the number of lenders considered
varies with education level (Figure 36). Borrowers who apply to multiple lenders usually do
so in search of better contract terms.
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Figure 36: Number of lenders considered by education level. Source: NSMO data set, authors’
calculations.

When refinancing, 88% of borrowers found lower interest rates as an important reason
to start the process. Moreover, 75% of these borrowers rendered lower monthly payments as
equally important. In our paper, the search model conforms to the trade-offs of a homeowner
and assigns lower repayments as the benefit. Figure 37 shows that almost 60 percent of
high-skilled borrowers consider two or more lenders (the right histogram), which holds for the
lower percentage of low-skilled borrowers (the left histogram). In the paper, we show that
financial skills remain significant for search effort and that one standard deviation increase in
skill leads to a four percent increase in the probability of considering more lenders.

Our latter findings suggest that education and effort simultaneously affect the mortgage
interest rate. Using NSMO data only, we control for individual and loan characteristics to
support our findings in the merged data set, as financial literacy exhibits a strong, but not
perfect, correlation with education.

15Because we are the first to match the NSMO and the SCF to impute financial literacy scores in the
NSMO, the imputation details are in the main part of the paper.

89



0%

20%

40%

60%

1 2 3

P
er

ce
n

ta
g

e 
o

f 
b

o
rr

o
w

er
s

Low

0%

20%

40%

60%

1 2 3

Moderate

0%

20%

40%

60%

1 2 3

High

Number of lenders considered

Figure 37: Number of lenders considered by financial skills tercile. Source: merged data set, authors’
calculations.

B.2.1 Mortgage rate regressions

Mortgage interest rates are comprised of two components: PMMS determined by the
borrower’s characteristics16 and the rate spread assigned to each borrower at origination.
Combining the two yields the mortgage interest rate, which is the dependent variable in the
analysis.

Because nearly half of all reported mortgages are for refinancing, we estimate the
linear regression separately. Both estimations control for loan-sponsorship types, guarantor
enterprises (Fannie Mae, Freddie Mac, or Federal Home Loan Bank), loan amount, metropoli-
tan (low-to-moderate) area, time effects, and the number of borrowers. The rate under
refinance estimates control for non cash-out loans.

The variation in search efficacy with education is represented by interaction coefficients.
Controlling for other demographic factors, we find that highly educated borrowers who shop
around for loans get significantly lower interest rates. Given that we employ a novel measure
that includes both cognitive and effort costs, our estimates account for an unprecedented
part of the interest rate dispersion (Table 23, highlighted). All interaction coefficients are
statistically significant and pass difference tests.

Model predictions allow us to calculate the present value of the difference in mortgage
payments over the duration of a mortgage. We think of the payment difference as the
additional costs low-educated and low-shopping behavior borrowers pay. For a 30-year loan
at $200,000, high-school graduates pay on average at the 4.43% rate, whereas post-college
graduates get 4.26%. The mortgage spread implies a $9900 mortgage payment difference over
the duration of the mortgage. Keeping education fixed, search effort induces the mortgage
spread of 8 b.p. and implies an additional $7500 in mortgage payments, on top of education

16Freddie Mac’s Primary Mortgage Market Survey® (PMMS®) surveys lenders each week on rates and
points for their most popular 30-year fixed-rate, 15-year fixed-rate and other mortgage products.
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differences. These estimates serve as a lower bound for mortgage payment losses in the market,
as they abstract from additional correlations that substantiate search effort or mortgage
process knowledge.

Our predicted rate plots (Figure 38) show that searches are most effective for highly
educated borrowers as the predicted interest rate density moves to the left. On the other
hand, those low-educated borrowers who search more do so due to the fear of rejection.
All plots show that controlling for other characteristics still leaves the residual spread that
borrowers face based on their education.
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Figure 38: Predicted interest rate by education type. Each plot represents a separate case for the
number of lenders considered in the mortgage process. Regression predictions, NSMO.

B.2.2 Education effects in mortgage search

Because the mortgage interest rate varies with search effort, we investigate borrower
characteristics that affect the amount of search borrowers are willing to take on. Controlling
for loan characteristics, ordered logistic model estimates show that college and post-college
graduates are 50% and 65% more likely to search more (Table 24). On the other hand, women
and financially inexperienced search less. Both of these characteristics are highly correlated
with financial literacy in the SCF data and this strand of literature (Lusardi et al., 2010;
Lusardi and Mitchell, 2014; Lusardi, 2019).

B.2.3 What agents are most likely to default on mortgage

The NSMO dataset allows us to track mortgage performance after origination. In the
main part of the paper, we show that financially skilled borrowers are 50% more likely to



Table 23: Interest rate upon origination and under refinancing, explanatory characteristics,
NSMO data.

mortgage rate
(first origination) (under refinancing)

Age 0.043∗∗∗ 0.076∗∗∗

(0.010) (0.010)
Female 0.033∗∗∗ 0.033∗∗∗

(0.009) (0.008)
Race: African-American −0.005 0.026

(0.019) (0.018)
Asian −0.020 −0.049∗∗∗

(0.020) (0.017)
Other 0.068∗∗∗ 0.012

(0.025) (0.023)
Income: $30,000 - $50,000 0.008 −0.107∗∗∗

(0.024) (0.024)
$50,000 - $75,000 0.034 −0.082∗∗∗

(0.023) (0.022)
$75,000 - $100,000 0.031 −0.064∗∗∗

(0.024) (0.023)
$100,000 - $175,000 0.061∗∗ −0.063∗∗∗

(0.024) (0.023)
$175,000 or more 0.050∗ −0.063∗∗

(0.026) (0.025)
Credit Score −0.264∗∗∗ −0.218∗∗∗

(0.010) (0.009)
Loan term 0.024∗∗∗ 0.036∗∗∗

(0.001) (0.001)
Loan-to-Value ratio 0.004∗∗∗ 0.004∗∗∗

(0.0004) (0.0003)
Number of lenders considered: 2 lenders 0.038 −0.014

(0.030) (0.027)
3 lenders or more 0.115∗∗ 0.053

(0.047) (0.038)
Education: Some college −0.037∗ −0.001

(0.022) (0.019)
college degree −0.066∗∗∗ −0.024

(0.021) (0.019)
post-college degree −0.079∗∗∗ −0.011

(0.023) (0.020)
Interaction: some college; considered 2 −0.028 0.005

(0.036) (0.033)
some college; considered 3 or more −0.130∗∗ −0.102∗∗

(0.055) (0.045)
college degree; considered 2 −0.076∗∗ −0.011

(0.034) (0.031)
college degree; considered 3 or more −0.177∗∗∗ −0.088∗∗

(0.051) (0.042)
post-college degree; considered 2 −0.085∗∗ −0.053∗

(0.035) (0.032)
post-college degree;considered 3 or more −0.234∗∗∗ −0.131∗∗∗

(0.052) (0.043)
Constant 5.256∗∗∗ 4.578∗∗∗

(0.081) (0.070)
Observations 21,469 21,625
R2 0.370 0.466
Residual Std. Error 23.650 (df = 21417) 20.678 (df = 21572)
F Statistic 246.159∗∗∗ (df = 51; 21417) 362.082∗∗∗ (df = 52; 21572)

Note: Other regressors are stated in the text. ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Table 24: Ordered logistic regression results

Dependent variable:
Number of lenders considered

(all originations) (under refinancing)
Income: $35,000-$50,000 −0.018 −0.013

(0.053) (0.077)
$50,000-$75,0000 −0.024 −0.034

(0.050) (0.071)
$75,000-$100,000 −0.024 −0.070

(0.051) (0.073)
$100,000-$175,000 −0.054 −0.157∗∗

(0.051) (0.074)
$175,000 or more −0.090 −0.162∗∗

(0.056) (0.081)
Education: some college 0.267∗∗∗ 0.263∗∗∗

(0.035) (0.049)
college degree 0.408∗∗∗ 0.383∗∗∗

(0.035) (0.048)
post-college degree 0.501∗∗∗ 0.431∗∗∗

(0.036) (0.051)
Female −0.279∗∗∗ −0.336∗∗∗

(0.019) (0.027)
Age −0.177∗∗∗ −0.040

(0.019) (0.030)
Have stocks −0.097∗∗∗ −0.103∗∗∗

(0.020) (0.029)
Metro area, low-to-moderate income tract 0.007 −0.036

(0.029) (0.041)
Non-metro area −0.053∗ −0.071

(0.032) (0.046)
Observations 43,094 21,625

Note: Controlled for time and loan amount effects. ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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meet the due date of their mortgage payments. Here, we show that low-educated borrowers
default more often (Figure 39b).

(a) Default by credit score. (b) Default by education.

Figure 39: Share of households that default by credit score and education. Source: NSMO,
authors’ calculation.

The distributions in Figure 39 shows that households that default on a mortgage
and face bankruptcy are associated with lower credit scores and lower education. The only
exception is those with the lowest credit scores, but household mortgage requests with "Poor"
credit scores are usually denied.
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B.3 SCF data analysis

We use the Bayesian Record Linkage algorithm to impute the financial literacy score
from the SCF data into the NSMO data. To begin, we examine the average financial literacy
score over the lifecycle to motivate investment in, and accumulation of financial skills in the
model. Figure 9 shows increasing average financial literacy scores by age groups.

The first model estimates outline correlations between financial literacy and house-
hold characteristics. Our predicted probabilities of the ordered logistic model (Table 25)
suggest that high-income level households are 12% more likely to be fully financially skilled,
keeping other characteristics fixed. Though education explains the largest part of financial
literacy, income-based differences relate to financial skills needed to understand the mortgage
refinancing process.

Table 25: Financial Literacy Score, relation to observables. Source: SCF data.

Dependent variable:
Financial literacy score

Worker 0.041∗

(0.025)
Married 0.111∗∗∗

(0.024)
Non-white −0.392∗∗∗

(0.019)
Female −0.474∗∗∗

(0.025)
Education: High-school 0.211∗∗∗

(0.031)
Some college 0.599∗∗∗

(0.031)
College degree 1.123∗∗∗

(0.033)
Income percentile: 20th - 40th 0.049∗

(0.028)
40th - 60th 3 0.073∗∗

(0.031)
60th - 80th 0.179∗∗∗

(0.035)
80th - 90th 0.349∗∗∗

(0.043)
90th - 100th 0.649∗∗∗

(0.048)
Observations 60,125

Note: Controlling for age and asset amount. ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
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Next, we restrict the SCF sample to borrowers who hold a mortgage on their primary
residence and estimate a binary regression model to evaluate their likelihood of refinancing.
The estimates pinpoint vital characteristics that explain a household’s effort in shopping for
credit.

Controlling for income and mortgage size, we find significant and large effects of
financial literacy - a high financial literacy score relates to a 60% higher likelihood of
refinancing. In contrast, education effects are insignificant (Table 26). Our analysis supports
Lusardi (2019) and highlights the relevance of the financial knowledge margin in the decision
to refinance.

Using the question about the amount of shopping time allocated to borrowing op-
tions, we proxy borrower’s search effort and find a 12% higher likelihood of refinancing by
borrowers who allocate time to exploring borrowing options (Table 26). Further, keeping
other characteristics fixed, financial knowledge, and search effort positively correlate with the
decision to refinance. As a result, the mortgage search model with financial skills investment
and search effort disentangles the two dimensions relevant to the decision to refinance.

Our estimates on credit shopping behavior emphasize financial skills as an important
dimension of heterogeneity (Table 5). While mortgage owners shop more on average, separate
analyses for mortgage owners and renters reach the same conclusion: controlling for individual
characteristics, including age, income, and education, financially savvy borrowers spend more
time searching for credit.

Keeping other characteristics fixed at the mean of each subsample, we plot the
likelihood change over financial literacy level and monthly housing expenses. Homeowners are
more likely to spend a lot more time shopping for credit than renters. Specifically, financially
savvy homeowners are up to 15 p.p. more likely to allocate more time to credit shopping
than low-skilled homeowners (Figure 40, left). The difference in likelihood decreases with the
size of their mortgage payment. In contrast, renters allocate their time to credit shopping
independently of their rent amount, and financially skilled are 10 p.p. more likely to spend a
great deal of time in searching for credit (Figure 40, right).
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Figure 40: Great deal of time spent shopping for credit, SCF data. Ord. logit predictions.
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Table 26: Binary regression estimates, likelihood to refinance, SCF data.

Dependent variable:
Ever refinanced their mortgage

Financial literacy score: low 0.099
(0.104)

medium 0.252∗∗∗

(0.098)
high 0.400∗∗∗

(0.098)
Search effort, borrowing: medium 0.055

(0.050)
high 0.110∗∗

(0.052)
Female 0.075

(0.049)
non-white −0.247∗∗∗

(0.034)
Mortgage size: $83,000 - $159,000 −0.148∗∗∗

(0.042)
$159,001 - $ 297,000 −0.285∗∗∗

(0.044)
$ 297,001 - $ 1,450,000 −0.304∗∗∗

(0.050)
Liquid savings: ≤ $4,500 0.145∗∗∗

(0.049)
$4,500 - $21,000 - 0.045

(0.050)
≥$21,000 -0.017

(0.051)
Income percentile group: 20th-40th 0.242∗∗∗

(0.083)
40th-60th 0.260∗∗∗

(0.079)
60th-80th 0.482∗∗∗

(0.079)
80th-90th 0.874∗∗∗

(0.084)
top 10 1.047∗∗∗

(0.085)
Constant −0.961∗∗∗

(0.145)
Observations 22,178

Note: Controlled for age, family structure, ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
education, and survey wave effects.
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B.3.1 Rent and mortgage payments as shares of labor income

In the model calibration, we inform the rental rate κ with the share of homeowners
in the SCF. When compared to an average mortgage monthly payment, rental payments
are twice as high. The averages from the SCF data are computed for the subsample of
workers up to age 55 with wage income higher than the yearly amount of retirement benefits.
Sample averages show that monthly rental payments are up to two times higher than monthly
mortgage payments.

Living arrangement Financial literacy score
0 1 2 3

Homeowner 0.140 0.139 0.142 0.129
Renter 0.257 0.241 0.233 0.222

Table 27: First row: monthly mortgage payment as a share of income - homeowners, second row:
monthly rent as a share of income; renters. SCF data, worker subsample.

B.3.2 Homeownership choice and financial literacy

Our model assumes that the homeownership choice depends on individual assets,
financial skills, and productivity. As a result, the model’s equilibrium generates a positive
correlation between mortgage take-up and financial skills, which aligns with the similar
positive association we observe in the SCF data. Table 28 presents estimates from the
logistic regression, where we regress the choice to rent or own against a set of observable
characteristics, including skills, assets, and wage income. To maintain consistency with our
model, the estimates are derived from a subsample of workers. The first two rows in the
coefficient table 28 show that the likelihood of owning a home increases with skills, with age
and wage income showing the same direction. Importantly, education is non-significant and
varies in the direction of the correlation. The SCF data reinstate the salience of individual
skills in financial behavior and choice.

B.4 Bayesian Record Linkage method (BRL)

Recently developed in Enamorado et al. (2019), Bayesian Record Linkage (BRL) is a
probabilistic approach designed to match census data. Unlike deterministic methods such
as mean-imputation and cluster-based algorithms commonly used in standard imputation,
BRL leverages probabilistic techniques to account for the uncertainty inherent in the merging
process. The advantages of employing BRL in this context include its scalability to handle
large datasets and its ability to facilitate post-merge analyses through the utilization of
match-specific posterior weights.

In the context of Bayesian Record Linkage (BRL), the matching process assigns
posterior probabilities of a match for each record pair (i, j), where i represents the records
from the NSMO data (i ∈ A), and j corresponds to the SCF dataset (j ∈ B). The BRL
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Table 28: Binary regression estimates, homeownership choice, SCF data.

Dependent variable:
Owns a house or an apartment

Financial literacy score: medium 0.170∗∗∗

(0.038)
high 0.146∗∗∗

(0.039)
Education: high-school 0.067

(0.052)
some college -0.051

(0.052)
college -0.039

(0.056)
Married -0.852∗∗∗

(0.042)
Female 0.176∗∗∗

(0.044)
non-white −0.536∗∗∗

(0.029)
Leverage ratio -0.029∗∗∗

(0.003)
Willing to take risk 0.009

(0.063)
Wage income quartile: $ 25,800 -$58,200 0.235∗∗∗

(0.041)
$58,200 - $117,000 0.778∗∗∗

(0.047)
≥$117,000 1.143∗∗∗

(0.061)
Constant −1.112∗∗∗

(0.064)
Observations 40,071

Note: Controlled for age, family structure, ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
occupation category, liquid savings amount,
and survey wave effects.
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method employs pairwise comparisons for each distinct record pair (i, j) and computes the
probability of a match based on the presence of a specific set of common observables denoted
as K. The selection of these common observables focuses on factors generally considered
relevant for assessing individual financial skills, including income, education, gender, age,
race, occupation, family characteristics, retirement plan, and asset holdings. Table 29 shows
the population shares in SCF and NSMO for every common observable used in the matching
process. To ensure consistency in the matching procedure, we impose certain restrictions on
the SCF sample. Specifically, we only include homeowners who hold a first lien mortgage,
while we make no restrictions to the NSMO sample.

Table 29: Population shares in the respective samples. Source: NSMO 2013-2022 and SCF
2016-2019, authors’ calculations.

Data set
NSMO SCF

income [6%, 9% , 18%, 19%, 30%, 18%] [13%, 8%, 13% ,11%,20%, 35% ]

brackets
education [1%, 10%, 5%, 20%, 35%, 29%] [6%, 18%, 9%, 15%, 27%, 25%]

brackets
gender [44%, 55%] [17%,83%]

(Female,Male)
age [18%, 22%, 22%, 21%, 14% ,3%] [8%, 14%, 20%, 26% , 20%, 12%]

(<35,35-44,45-54,55-64,65-74,>=75)
race [84%, 6%, 10% ] [82%, 7%, 11%]

(Caucasian, African-American, other)
occupation [68%, 10%, 19% ,2%] [47%, 26%, 25%, 2% ]

(Employed, Self-employed, Retired/Student, Other)
has kids [64%, 36% ] [60% , 40%]

(Yes, No)
owns financial assets [57%, 43%] [58% 42%]

(Yes, No)
retirement plan participation [86%, 14%] [62%, 38%]

(Yes, No)

For each of card(A) × card(B) distinct observations, BRL defines an agreement vector
γ(i, j) of length K. The k-th element γk(i, j) represents the degree of agreement corresponding
to the k-th observable in the set of mutual observables17. Following Enamorado et al. (2019),
for a given observable k, we assume the agreement degree to be discrete, with a maximum
Lk − 1.

Based on variable k (for example, income category), γk(i, j) = 0 represents a no-match,
17Income brackets are not listed for compactness; we group income in the SCF according to brackets in the

NSMO data: (<$35,000,$35,000-$50,000,$50,000-$75,000,$75,000-$100,000,$100,000-$175,000, >$175,000).
Similarly, we take the highest education grade data in the SCF and group them according to education
brackets in the NSMO: (Some schooling, High-School graduate, Technical School, Some College, College
degree, Post-college degree).
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whereas agreement level γk(i, j) = Lk − 1 corresponds to a perfect match for a pair of records
(i, j). Therefore, two records from SCF and NSMO may be matching in education brackets
but may differ in income levels, leading to a lower degree of agreement. The BRL takes every
agreement degree into account and evaluates the posterior probability conditional on all
agreement degrees for the pair. For each observation in the NSMO, we obtain the distribution
of matches across the SCF sample.

BRL builds on the Fellegi-Sunter model (Fellegi and Sunter, 1969): Mi,j denotes a
latent mixing variable that shows whether distinct records pair (i, j) form a match or not.
That is, Mij is Bernoulli-distributed

Mi,j
i.i.d.∼ B(λ),

and k-based agreement level γk(i, j) has a discrete distribution

γk(i, j)|Mi,j ∼
(

0 1 . . . Lk − 1
πk0 πk1 . . . πkLk−1

)
,

where πkl, l ∈ {0, . . . , Lk − 1} represents the probability of each agreement degree for the
pair (i, j). The vector of probabilities is denoted with πkm.

Record matching probabilities imply the observed-data likelihood Lobs, that we esti-
mate later using the Expectation-Maximization algorithm (suggested by Enamorado et al.
(2019)). Using the matched records from the NSMO and SCF data, we apply the Bayesian
posteriors ϵi,j = P(Mij = 1|γ(i, j)) as weights for statistical inference when we use the
(imputed) financial literacy score. This way, we incorporate the match procedure uncertainty
and avoid biases that emerge in standard deterministic methods.

Bayes rule implies the probability of a match which defines the post-merge weight

εij = P(Mij = 1 | γ(i, j))

= λ
∏K
k=1(

∏Lk−1
l=0 π

1{γk(i,j)=l}
k1l )∑1

m=0 λ
m(1 − λ)1−m∏K

k=0(
∏Lk−1
l=0 π

1{γk(i,j)=l}
kml )

,

that we use later for statistical inference. Financial literacy for the borrower i, Z̄i is
the sum of literacy scores of the respective record matches in the SCF Zj , with corresponding
weights εij18:

Z̄i =
∑NB
j=1 εijZj∑NB
j=1 εij

.

Post-merge analysis includes Z̄i as the independent variable in linear model estimates.
Non-linear models, such as the ordered logistic and binary regression models we use for

inference, need to be adjusted with the posterior weight. Therefore, the maximum likelihood
function includes all the record pair matches with the corresponding Bayesian weight. With
the assumption Yi|Xi, Z

∗
i

indep.∼ Pθ(Yi|Xi, Z
∗
i ), the ML estimator

18Our merging procedure uses the standardized literacy score.
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θ̂ =
NA∑
i=1

NB∑
j=1

ε∗
ij logPθ(Yi|Xi, Z = Z∗

j ), ε∗
ij = εij∑NB

j=1 εij

is consistent and asymptotically normal and hence follows standard rules of significance
tests. We use these theoretical results derived in Enamorado et al. (2019) and implement our
estimators that ensure solid statistical properties.

B.4.1 Number of lenders considered

For every record pair (i, j) with a corresponding match weight ε∗
ij, the likelihood of

number of lenders considered num_cons is characterized using the borrower’s observables
(Xi, fin_skillsi)

P(num_consij = k) = pij,k = P
(

−κk−1 < βXi+βffin_skillsj +uij,k < κk
)
, k ∈ {1, 2, 3+},

with κk−1 and κk representing latent thresholds that define the search effort level. The logistic
model assumes

pij,k = 1
1 + exp

(
− κk + βXi + βffin_skillsi

) − 1
1 + exp

(
− κk−1 + βXi + βffin_skillsi

) ,
which pins down the log-likelihood adjusted by the posterior match weight

lnL =
NA∑
i=1

NB∑
j=1

ε∗
ij

3+∑
k=1

1{num_consij=k} ln(pij,k|Xi, fin_skillsj).

B.4.2 Additional NSMO+ estimates

As an additional counterfactual exercise, we estimate the linear probability model
where the dependent variable is the number of lenders considered with our new NSMO+
dataset. We estimate the model when the number of lenders considered equals one versus
more than one. Estimates are presented in Table (30). The results imply a strong positive
correlation between higher financial skills and the probability of considering more than one
lender when searching for a mortgage. In particular, the model predicts that an average
borrower who answered zero questions correctly has a probability of considering more than
one lender equal to 0.381. On the other hand, for an average financially savvy borrower who
answered all questions correctly, our linear probability model predicts a 0.546 probability of
considering more than one lender. The model predicts similar probabilities of considering
more than one lender for average borrowers upon refinancing the mortgage.
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Table 30: Linear probability model for the number of lenders considered one vs. more. Source:
NSMO+, own calculation.

Lenders considered
All origination Refinancing

Age −0.042∗∗∗ −0.019∗∗

(0.005) (0.008)
Credit Score 0.009∗ 0.005

(0.005) (0.007)
Married 0.020∗∗∗ 0.014

(0.006) (0.010)
Female −0.058∗∗∗ −0.076∗∗∗

(0.005) (0.007)
Race: Black or African-American 0.055∗∗∗ 0.038∗∗

(0.011) (0.015)
Asian 0.055∗∗∗ 0.055∗∗∗

(0.010) (0.014)
other (including hispanic) 0.059∗∗∗ 0.083∗∗∗

(0.014) (0.020)
Financial Literacy 0.164∗∗∗ 0.166∗∗∗

(0.038) (0.056)
Education: high school 0.056∗∗∗ 0.052∗∗∗

(0.009) (0.013)
college graduate 0.090∗∗∗ 0.075∗∗∗

(0.009) (0.013)
post-college graduate 0.107∗∗∗ 0.086∗∗∗

(0.010) (0.014)
Loan amount: $50,000 - $99,999 0.019 0.066∗∗

(0.019) (0.029)
$100,000 - $149,999 0.037∗ 0.130∗∗∗

(0.019) (0.029)
$150,000 -$199,999 0.047∗∗ 0.154∗∗∗

(0.020) (0.029)
$200,000 - $249,999 0.066∗∗∗ 0.152∗∗∗

(0.020) (0.030)
$250,000 to $299,999 0.071∗∗∗ 0.167∗∗∗

(0.021) (0.031)
$300,000 -$349,999 0.071∗∗∗ 0.180∗∗∗

(0.021) (0.032)
$350,000 - $399,999 0.088∗∗∗ 0.182∗∗∗

(0.022) (0.033)
≥$400,000 0.099∗∗∗ 0.176∗∗∗

(0.021) (0.031)
Constant 0.271∗∗∗ 0.246∗∗∗

(0.047) (0.068)
Observations 43,084 21,623
R2 0.024 0.025
Adjusted R2 0.023 0.023
Residual Std. Error 17.837 (df = 43039) 17.676 (df = 21578)
F Statistic 23.681∗∗∗ (df = 44; 43039) 12.666∗∗∗ (df = 44; 21578)

Note: ∗p<0.1; ∗∗p<0.05; ∗∗∗p<0.01
Controlled for: Loan type, Year, Government Sponsored Enterprise, Term, LTV,
Number of borrowers, and Income.
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C Tax Structures and Fiscal Multipliers in HANK Mod-
els

C.1 HFCS

In this section, we classify the three groups of households by their hand-to-mouth
status using two slightly different definitions. Moreover, we outline the construction of
variables used in our analysis. The variable names refer to wave 4 of the Household Finance
and Consumption Survey.

We follow Kaplan et al. (2014) and Slacalek et al. (2020), and use the following
definition. A household is considered as hand-to-mouth (HtM) if:

• Net liquid wealth ≥0 & net liquid wealth ≤ biweekly (net) income

or

• Net liquid wealth < 0 & net liquid wealth ≤ biweekly (net) income − credit limit.

Moreover, a household is:

• Poor HtM if it is HtM & net illiquid wealth ≤ 0,

• Wealthy HtM if it is HtM & net illiquid wealth > 0,

• Non-HtM if it is not HtM.

We compare the resulting HtM decomposition using the additional definition of
Slacalek et al. (2020). They classify all HtM households with some housing assets as wHtM,
including households whose mortgage exceeds the house’s value. In addition, they classify all
HtM households with some self-employment business wealth as wHtM.

As Slacalek et al. (2020) also use the HFCS, we follow their construction of liquid and
illiquid asset variables. The variables used in specifying wHtM and pHtM households are
defined as follows:

• Net liquid wealth = liquid assets − liquid liabilities

• Liquid assets = sight and saving accounts (deposits), directly held mutual funds, bonds,
and stocks

• Liquid liabilities = overdraft debt and credit card debt

• Net illiquid wealth = illiquid assets − illiquid liabilities

• Illiquid assets = illiquid real assets, the value of the household main residence and other
properties and the value of self-employment businesses
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• Illiquid liabilities = amount of non-collateralized loans for household main residence
and other properties, mortgage debt.

We assume that the credit limit is one month of income. Moreover, we use a simplified
definition of net income. For each country in the HFCS, we use the average tax wedge from
the OECD Tax Database (https://www.oecd.org/tax/tax-policy/tax-database/). Specifically,
we define net income as:

• net income = (1-τ)*(employment income + 2/3 self employment income) + non taxable
income.
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Figure 41: wHtM and pHtM shares for a set of European countries; Slacalek et al. (2020)
definition. Source: Eurosystem Household Finance and Consumption Survey, wave 4.

Figure 41 shows heterogeneity is shares of HtM, wHtM, and pHtM households accross
countries. The majority of countries have HtM share lower than 41%, which is the share of
HtM households in the U.S. (Kaplan and Violante, 2022). The figure also shows heterogeneity
across countries in both wHtM and pHtM shares.

Figures 42 and Figure 43 show net liquid and illiquid asset holdings in absolute terms,
i.e., in thousands of EUR.

Figure 44 shows net illiquid asset-to-income ratio heterogeneity for some European
countries.

Table 31 documents shares of HtM, wHtM, and pHtM households across countries as
well as net liquid and illiquid asset positions depicted in Figures 17,42,43, and 41.
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Country Code HtM wHtM pHtM wHtM∗ pHtM∗ Net liquid Net illiquid
AT 0.10 0.03 0.07 0.03 0.07 42.82 233.03
BE 0.18 0.09 0.09 0.09 0.09 87.06 301.27
CY 0.46 0.33 0.13 0.31 0.15 18.52 312.73
CZ 0.16 0.09 0.07 0.08 0.07 12.16 118.21
DE 0.15 0.06 0.09 0.06 0.10 55.06 244.05
EE 0.22 0.17 0.06 0.16 0.06 21.50 128.80
ES 0.20 0.12 0.08 0.10 0.10 40.34 210.27
FI 0.21 0.10 0.11 0.09 0.12 46.44 152.18
FR 0.17 0.08 0.09 0.07 0.10 35.73 217.24
GR 0.29 0.20 0.09 0.19 0.10 12.79 111.58
HR 0.53 0.43 0.10 0.43 0.10 2.45 108.05
HU 0.29 0.25 0.04 0.25 0.04 9.47 87.45
IE 0.20 0.11 0.10 0.10 0.10 39.29 307.86
IT 0.16 0.10 0.06 0.10 0.06 46.99 270.95
LT 0.36 0.35 0.02 0.34 0.02 3.30 82.20
LU 0.18 0.14 0.04 0.13 0.05 255.75 949.72
LV 0.34 0.25 0.09 0.25 0.10 7.89 60.36
MT 0.17 0.12 0.05 0.12 0.05 38.59 360.68
NL 0.12 0.04 0.08 0.04 0.08 52.87 152.55
PT 0.21 0.13 0.08 0.13 0.08 25.72 156.71
SI 0.40 0.31 0.09 0.31 0.09 11.77 169.43
SK 0.22 0.19 0.03 0.19 0.03 9.49 108.21

Table 31: Htm, wHtM, and pHtM shares and net liquid and illiquid asset positions in
thousands of EUR for a set of European countries. Note: ∗ denotes wHtM and pHtM shares
using the definition of Kaplan et al. (2014). Source: Eurosystem Household Finance and
Consumption Survey, wave 4.

C.2 Household problem description

In this section, we derive the first order and envelope conditions. The Bellman equation
can be rewritten as

Vt(zi,t, bi,t−1, ai,t−1, βi,t) = max
bi,t,ai,t

u

(
1

1 + τ c
(zi,t + (1 + rat )ai,t−1 + (1 + rbt )bi,t−1−

− Ψ(ai,t, ai,t−1) − ai,t − bi,t)
)

+

+ λi,tbi,t + µi,tai,t + βi,tEVt+1(zi,t+1, bi,t, ai,t, βi,t+1),
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Figure 42: Net liquid asset holdings for a set of European countries. Source: Eurosystem
Household Finance and Consumption Survey, wave 4.
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Figure 43: Net illiquid asset holdings for a set of European countries. Source: Eurosystem
Household Finance and Consumption Survey, wave 4.

where λi,t and µi,t are Lagrange multipliers on non-negativity constraints for both types of
assets. The first order conditions with respect to bi,t and ai,t are given with

u′(ci,t)
1

1 + τ c
= λi,t + βi,tE∂bVt+1(zi,t+1, bi,t, ai,t, βi,t+1)

and

u′(ci,t)
1

1 + τ c

(
1 + Ψ1(ai,t, ai,t−1)

)
= µi,t + βi,tE∂aVt+1(zi,t+1, bi,t, ai,t, βi,t+1).
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Figure 44: Net illiquid wealth to income for a set of European countries. Source: Eurosystem
Household Finance and Consumption Survey, wave 4.

Lastly, the envelope conditions are

∂bVt(zi,t, bi,t−1, ai,t−1, βi,t) = (1 + rbt )u′(ci,t)
1

1 + τ c

and

∂aVt(zi,t, bi,t−1, ai,t−1, βi,t) =
(

1 + rat − Ψ2(ai,t, ai,t−1)
)
u′(ci,t)

1
1 + τ c

.

To solve this part of the model, we follow Auclert et al. (2021) and use the endogenous
gridpoints method of Carroll (2006). Details of the implementation can be found in the
appendix of Auclert et al. (2021).

C.3 Derivation of the nonlinear wage NKPC

To derive the wage NKPC, we first use the definition of the real wage wt and expression
for the demand curve to rewrite zi,t :

zi,t = τt(wtNk,tei,t)1−θ + Tt = τt

(
Wk,t

Pt
Nk,tei,t

)1−θ

+ Tt

= τt

(
Wk,t

Pt
ei,t

(
Wk,t

Wt

)−ε

Nt

)1−θ

+ Tt.
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Second, we note that applying the Euler theorem to the household’s problem (9)
implies ∂ci,t

∂Wk,t
= 1

1+τc
t

∂zi,t

∂Wk,t
. Using the expression derived above, and exploiting the fact that in

equilibrium Wk,t = Wt we get that

∂zi,t
∂Wk,t

= (1 − θ)τt
(
Wk,t

Pt
Nk,tei,t

)−θ
ei,t
Pt

(
Nk,t −Wk,tε

(
1
Wt

)−ε

NtW
−ε−1
k,t

)

= (1 −MTRi,t)
ei,t
Pt
Nk,t(1 − ε), (21)

where MTRi,t = 1 − (1 − θ)τt
(
Wk,t

Pt
Nk,tei,t

)−θ
is marginal tax rate of household i at time t.

Lastly, since household i’s total hours work equal
(
Wk,t

Wt

)−ε

Nt, we have that hours worked

also satisfy
∂ni,t
∂Wk,t

= −εNk,t

Wk,t

. (22)

Now, we take the first order condition of the union k’s problem with respect to Wk,t as well
as the envelope condition and obtain

∫ (
u′(ci,t)

∂ci,t
Wk,t

− v′(ni,t)
∂ni,t
∂Wk,t

)
dΨi,t − ψ

(
Wk,t

Wk,t−1
− 1

)
1

Wk,t−1
+

1
1 + rt

ψ

(
Wk,t+1

Wk,t

− 1
)
Wk,t+1

W 2
k,t

= 0.

Further, we plug in for expressions (21) and (22):
∫ (

u′(ci,t)
1

1 + τ ct
(1 −MTRi,t)

ei,t
Pt

(1 − ε)Nt + v′(ni,t)ε
Nk,t

Wk,t

)
dΨi,t−

ψ

(
Wk,t

Wk,t−1
− 1

)
1

Wk,t−1
+ 1

1 + rt
ψ

(
Wk,t+1

Wk,t

− 1
)
Wk,t+1

W 2
k,t

= 0.

Next, we multiply with Wk,t

ψ
, substitute for πw = Wt

Wt−1
− 1, and, exploiting the fact that in

equilibrium Wk,t = Wt, we obtain:

ε

ψ

(∫
u′(ci,t)(1 −MTRi,t)wtei,t

1 − ε

ε
NtdΨi,t + v′(Nt)Nt

)
−

(1 + πwt )πwt + 1
1 + rt

(1 + πwt+1)πwt+1 = 0.

Further, note that

(1 −MTRi,t)wtei,tNt = (1 − θ)τt
(
wtNtei,t

)1−θ
= (1 − θ)

e1−θ
i,t∫
e1−θ
i,t di

Zt,
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where Zt is aggregate income tax (net of transfers). Now, we define κw = ε
ψ
, µw = ε

ε−1 , and

u′(C̃t) = e1−θ
i,t∫
e1−θ

i,t di
u′(ci,t)di, and rearrange to get the final expression for our nonlinear wage

NKPC

(1 + πwt )πwt = κw
(
γN

1+ 1
ϕ

t − (1 − θ)
(1 + τ ct )µw

Ztu
′(C̃t)

)
+ 1

1 + rt
(1 + πwt+1)πwt+1.

C.4 Derivation of the nonlinear price NKPC

Recall the Bellman equation for the intermediate good’s firm is:

Jt(Pt−1, kt−1) = max
Pt,kt,nt

{
Pt

Pt
F (kt−1, nt) − Wt

Pt
nt − it − ϕ

(
kt
kt−1

)
kt−1 − ξ(Pt,Pt−1)Yt+

1
1 + rt

Jt+1(Pt, kt)
}
,

subject to
(
F (kt−1, nt)

Yt

) 1−µp

µp

Yt =
(

Pt

Pt

)
Yt.

If we denote the Lagrange multiplier on the production constraint with λt, the first
order condition with respect to nt is:

0 = Pt

Pt
Fn,t(kt−1, nt) − Wt

Pt
+ λt

(
1 − µp
µp

)(
F (kt−1, nt)

Yt

) 1−2µp
µp

Fn,t(kt−1, nt).

Rearranging implies

Wt

Pt

1
Fn,t(kt−1, nt)

= mct = Pt

Pt
+ λt

(
1 − µp
µp

)(
F (kt−1, nt)

Yt

) 1−2µp
µp

. (23)

Since in equilibrium all firms set the same wage Pt = Pt, and F (kt−1, nt) = Yt, equation (23)
simplifies to

Wt

Pt

1
Fn,t(kt−1, nt)

= mct = 1 − λt

(
µp − 1
µp

)
. (24)

Condition (24) has two implications. First, higher Lagrange multiplier λt is associated with a
lower real marginal cost mct, i.e.,

λt = 1 =⇒ mct = 1
µp

≤ 1,

and
λt → 1 =⇒ mct → 1.
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In order to get the price NKPC, we start by taking first order condition with respect to Pt

and get:

0 = 1
Pt
F (kt−1, nt) − 1

κp(µp − 1)

(
Pt − Pt−1

Pt−1

)
1

Pt−1
Yt + 1

1 + rt
Jp,t+1(Pt, kt) − λt

Yt
Pt
. (25)

The envelope condition implies that the following condition holds:

Jp,t(Pt−1, kt−1) = 1
κp(µp − 1)

(
Pt − Pt−1

Pt−1

)
Pt

P2
t−1

Yt. (26)

Again, we use the fact that in equilibrium Pt = Pt, and Yt = F (kt−1, nt). Moreover, by
multiplying (25) with Pt, rolling over one period condition (26) and substituting, we get:

0 = Yt−
1

κp(µp − 1)

(
Pt − Pt−1

Pt−1

)
Pt
Pt−1

Yt+
1

1 + rt

1
κp(µp − 1)

(
Pt+1 − Pt

Pt

)
Pt+1

Pt
Yt+1−λtYt. (27)

Next, we rearrange (27), divide by Yt, and subsititue for πt = Pt

Pt−1
− 1, to get:

1 − λt = 1
κp(µp − 1)(πt)(1 + πt) − 1

1 + rt

1
κp(µp − 1)(πt+1)(1 + πt+1)

Yt+1

Yt
. (28)

Rearranging (24)

mct = 1 − λt

(
µp − 1
µp

)
=⇒ λt = (1 −mct)

µp
µp − 1 =⇒

1 − λt = µp − 1 − µp + µpmct
µp − 1 = µpmct − 1

µp − 1 ,

and substituting the last expression to (28) yields:

µpmct − 1
µp − 1 = 1

κp(µp − 1)(πt)(1 + πt) − 1
1 + rt

1
κp(µp − 1)(πt+1)(1 + πt+1)

Yt+1

Yt
. (29)

Lastly, by multiplying (29) with κp(µp − 1) and rearranging, we get the final expression for
our nonlinear price NKPC:

πt(1 + πt) = κp(µpmct − 1) + 1
1 + rt

πt+1(1 + πt+1)
Yt+1

Yt
. (30)

Further, we take the first order condition with respect to kt and get:

0 = −1 − 1
δεI

(
kt
kt−1

− 1
)

1
kt−1

+ 1
1 + rt

Jk,t+1(Pt, kt),

which after rearranging

1 + 1
δεI

(
kt
kt−1

− 1
)

= 1
1 + rt

Jk,t+1(Pt, kt) ≡ Qt, (31)
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and the fact that in the equilibrium kt = Kt, gives us the equation from the text. The
envelope condition with respect to kt−1 gives us:

Jk,t(Pt−1, kt−1) =Pt

Pt
Fk(kt−1, nt) + (1 − δ) − ϕ

(
kt
kt−1

)
+ 1
δεI

(
kt
kt−1

− 1
)
kt
kt−1

+

+λt
(

1 − µp

µp

)(
F (kt−1, nt)

Yt

) 1−2µp

µp

YtFk(kt−1, nt) (32)

=mctFk(kt−1, nt) + (1 − δ) − ϕ

(
kt
kt−1

)
+ 1
δεI

(
kt
kt−1

− 1
)
kt
kt−1

.

We rearrange (31) and plug it in from both the left- and right-hand side of (32) and get:

(1 + rt−1)Qt−1 = mctFk(kt−1, nt) + (1 − δ) − ϕ

(
kt
kt−1

)
+ (Qt − 1) kt

kt−1
,

which we can further simplify, by rearranging and using the Cobb-Douglas property of the
production (Fk(kt−1, nt) = α Yt

kt−1
), to:

(1 + rt−1)Qt−1 = mctα
Yt
kt−1

− it
kt−1

− ϕ

(
kt
kt−1

)
+Qt

kt
kt−1

.

Finally, similar to before, using the fact that in equilibrium kt = Kt, and nt = Nt yields the
final expression from the text.
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