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ABSTRACT ARTICLE HISTORY
Using the US Survey of Consumer Finances, we explore the empirical relationship Received 20 September 2022
between borrowing constraints and financial portfolio allocation by American house- Accepted 18 July 2023

holds. To help motivate our empirical analysis we initially draw insights from a mean- KEYWORDS

variance model of optimal portfolio allocation with three tradable asset classes defined Asset allocation; Borrowing
by increasing risk, and establish a link between borrowing restrictions and portfolio constraints; Fractional
allocation in the presence of background risk. Our main contribution, however, lies models; Background risk
in estimating the role that borrowing constraints play in shaping households’ finan-

cial portfolio allocation. This is achieved using an ordered fractional probit model. JEL CLASSIFICATIONS
In addition to revealing the significant empirical role played by household borrow- ~ G11;D11;D14;C35

ing constraints in determining portfolio allocation, our analysis helps us to resolve

ambiguity surrounding the behaviour of the medium-risk asset in our motivational the-

oretical framework. Further, the empirical distribution of medium-risk assets is found

to be remarkably similar to that for high-risk assets, suggesting the presence of a more

general ‘risk puzzle’, which our borrowing constraints measures partially explain.

1. Introduction

The borrowing constraints faced by governments, firms, and households can play a significant role in shap-
ing economic behaviour and influencing economic outcomes, both at the microeconomic and macroeconomic
level. Significantly, the presence of such constraints has been shown to hold implications for the sustainability
of government deficits (Wilcox 1989), the behaviour of output and prices (Scheinkman and Weiss 1986), and
consumption behaviour (Carroll 2001). Borrowing constraints have also been shown to affect the composition
of a household’s financial portfolio (see, for instance: Bucciol, Miniaci, and Pastorello 2017; Guiso, Jappelli, and
Terlizzese 1996; Haliassos and Hassapis 1999).

Using data from the United States Survey of Consumer Finances (SCF) from 1995 to 2019, this contribution
investigates the role that borrowing constraints play in determining the composition of US households’ finan-
cial portfolios. Significantly, our empirical investigation is supported by insights from a mean-variance model
of optimal portfolio allocation with a basis in Markowitz (1952), which as elaborated on in more detail below,
helps to motivate our ensuing econometric analysis. More generally, we stress here that from a public policy per-
spective, investigating the role of financial portfolio allocation in US households is not just of academic interest.
Since the early 1990s, the United States has witnessed increased efforts to provide additional borrowing oppor-
tunities for households that were traditionally constrained by credit markets (Lyons 2003). The effectiveness
of such efforts takes on additional significance when considered against the backdrop of a more recent report
published by the Federal Reserve Bank of New York (Hamdani et al. 2019), which found that for the fourth
quarter of 2018, over sixty million US adults were unlikely to access credit at choice, and noted °... wide het-
erogeneity of credit conditions at the state and county levels in America’ (Hamdani et al. 2019, 12).! Given the
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high incidence of borrowing-constrained US households that persists to this day, exploring the extent to which
access to borrowing affects household portfolios is thus particularly apposite.?

Our mean-variance model of optimal portfolio choice, in which households are assumed to face short-selling
constraints as in Jappelli, Julliard, and Pagano (2010), provides a useful starting point for our main empiri-
cal analysis by establishing a link between borrowing constraints and asset allocation at the household level.
However, as in Eichner and Wagener (2012), we also consider a role for so-called ‘background risk’ which
assumes the form of non-tradable background wealth which is assumed to be exogenous and uninsurable.
Such risk corresponds to shocks that may impact on the stream of household income associated with labour or
entrepreneurial activity, human capital or government transfers.> The most notable feature of our motivational
theoretical framework is that we explicitly model the behaviour of a medium-risk asset class, which reflects the
existing literature’s taxonomy of a household’s financial assets into three distinct risk-based categories: low-risk;
medium-risk; and high-risk.* Households exploit the information contained in the background risk covariance
structures, which we demonstrate has implications for household portfolio diversification and risk reduction.
Whereas the mean-variance framework often has clear behavioural implications for the optimal allocation of
the household’s low-risk and high-risk assets, the implied behaviour of the medium-risk asset is more nuanced.
Numerical predictions of our model using plausible values of the first and second moments of our three asset
categories, are indicative of lower levels of risk aversion being associated with higher shares of both medium-
risk and high-risk assets. Support for this finding is found in our ensuing econometric analysis. Our numerical
exercise also suggests that when modelling the impact of borrowing constraints empirically, it is appropriate to
account for the possible presence of background risk.”

Turing to the main contribution of our paper, the emphasis placed on asset shares in the mean-variance
framework described above is explicitly reflected in our econometric strategy, in which the impact of borrowing
constraints on our three empirically observable asset shares is directly estimated. Specifically, we use the ordered
fractional model (hereafter ‘OF’) model of Kawasaki and Lichtenberg (2014), which enables us to impose an
inherent ordering on the fraction of assets held in each risk category. This estimation approach contrasts with
the majority of contributions, where the propensity to hold only a single asset type is modelled using, for example,
censored or fractional regression techniques (see inter alia, Cardak and Wilkins 2009; Edwards 2008; Rosen and
Wu 2004). We thus consider the impact of borrowing constraints on household financial risk taking in a broader
sense, which extends beyond accounting for the propensity of households to directly invest in stocks. In doing so
we build on contributions to the ‘stockholding puzzle’ literature in which assets are categorised as being either
‘safe” or ‘risky’ (see for instance: Bertaut 1998; Fratantoni 2001; Haliassos and Bertaut 1995) and explore the
extent to which an avoidance of stockholding is part of a more general ‘risk puzzle’ that characterises household
portfolio allocation. Here, exploring the determinants of medium-risk asset holding is of particular interest given
that this asset class is classified as including retirement funds and life insurance policies. Holding such financial
products may help to avoid shortfalls in retirement income, or shield household members from catastrophic
financial shocks - such as the inability to maintain mortgage payments due to the death of a breadwinner. In this
regard, the consequences of shunning medium-risk assets may in practice be far more damaging to households
than not directly holding stocks. We now turn to the literature.

2. Literature

Our contribution builds on an established empirical literature, of which notable early contributions include
Jappelli (1990), Jappelli, Pischke, and Souleles (1998) and Haliassos and Michaelides (2003). Jappelli (1990)
exploits information contained in the 1983 SCF to construct a liquidity constraint measure based on whether
the household has been rejected for a request for credit from a financial institution. The study explores the type
of households who are credit constrained and finds race, wealth, income and family composition all impact the
probability of being constrained. Jappelli, Pischke, and Souleles (1998) exploit data from both the SCF and the
United States Panel Study of Income Dynamics (PSID) and use a two-stage two-sample least squares approach.
Using information in the SCE liquidity constraint measures are constructed; these measures are used to impute
the probability of liquidity constraints in the PSID data in order to estimate Euler equations. Haliassos and
Michaelides (2003) theoretically explore household portfolio allocation in the presence of liquidity constraints.
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The authors study an infinite-horizon model of portfolio allocation under liquidity constraints to explore the
portfolio specialisation puzzle, and report that relatively small fixed stock market entry costs are sufficient to
deter households from participating in the stock market.

More recent studies that are related to our contribution include Carroll, Holm, and Kimball (2021), Toussaint-
Comeau (2021) and Insler, Compton, and Schmitt (2016). Carroll, Holm, and Kimball (2021) explore the
interactions between precautionary saving and liquidity constraints in a theoretical setting, where they allow
liquidity constraints and risk to influence so-called consumption concavity. Their results suggest that the intro-
duction of risks or liquidity constraints affects the concavity of the consumption function, which in turn changes
the precautionary saving motive. The effect of introducing an additional constraint or risk on precautionary
saving depends on whether it is correlated with pre-existing constraints or risks, and the way in which an addi-
tional constraint interacts with existing constraints can for some levels of wealth reduce the precautionary saving
motive. Analysing the SCE, Toussaint-Comeau (2021) explores how liquidity constraints affect the propensity
to save. Liquidity constraints are found to influence a range of saving decisions. In particular, the effects of liq-
uidity constraints are amplified by both high-debt payments and high interest rate credit cards, which serve to
reduce savings. In a related study, Insler, Compton, and Schmitt (2016) analyse survey data relating to students
at the US Naval Academy, all of whom have the opportunity to take out a Career Starter Loan (CSL). As a CSL
is a significant personal loan offered at low interest rates, these young adults are not bound by they same type
of liquidity constraints that are typically experienced by other individuals in this age range. The authors found
that greater cognitive ability, individuals with prior investment experience, and those who viewed themselves as
financially literate were found to invest more per se, and had a greater tendency to invest in riskier options.

In exploring the role of credit constraints, our study also controls for the impact of (risky) background
wealth on portfolio allocation.® Significantly, Canner, Mankiw, and Weil (1997, 188), note that, ‘Human cap-
ital - in the form of future labour earnings - is probably the most important non-traded asset’.” In this setting,
Bertaut (1998) and Haliassos and Bertaut (1995) find that labour income risk is inversely related to holding risky
assets. Related work by Fratantoni (2001) reports that in addition to labour income risk, expenditure risk asso-
ciated with housing has an inverse relationship with household stock holding. Koo (1998) finds that investors
will take a smaller fraction of risky assets in their portfolio when they have liquidity constraints and uninsurable
income risk. Heaton and Lucas (2000) calibrate labour income risk with personal income data, finding that both
labour income risk and the positive correlation between labour income and risky asset returns tend to reduce
investments in risky assets. We incorporate some of these features into our motivating theoretical model.

The remainder of the paper is organised as follows. Section 3 presents our theoretical framework, which in
addition to linking household borrowing constraints and portfolio allocation, helps to motivate our empirical
analysis. Section 4 describes our data, and Section 5 sets out our empirical modelling strategy. Section 6 discusses
our empirical findings. Finally, Section 7 concludes.

3. Theoretical motivation

To motivate our empirical analysis, we develop a model which has a basis in the work of Markowitz (1952), and
is a variant of Eichner and Wagener (2012), who analyse risk-taking behaviour in a linear portfolio selection
problem with non-tradable background wealth.® Assume that households face a linear portfolio choice problem
such that the final wealth of a household is given by

W =qiL+ quM + quH + AB, (1

where L, M and H are random variables representing the return from allocating all of wealth to these tradable
assets, which are defined as being low-risk (L), medium-risk (M), or high-risk (H).” The three tradable assets are
assumed to be increasing in risk and return, and capture the structure of US households’ financial portfolios as
defined in the existing literature, see for example, Carroll (2002) and Hurd (2002), where financial assets are clas-
sified as one of three distinct risk-based categories. The weights that households choose to allocate to these assets
are denoted g;, i € {L, M, H}, such that X¥q; = 1.1° B denotes non-tradable background wealth which as noted
in the introduction, can be viewed as the ‘stream of household income arising due to labour or entrepreneurial
activity, human capital, and government transfers’ (Eichner and Wagener 2012, 424).
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An exogenous parameter A > 0 is used to scale background wealth B up or down; the non-negativity con-
straint on background wealth reflects the fact that households cannot easily borrow against their human capital
in the way they can against financial assets.!! Our model is also characterised by restrictions on short-selling
which lead to the portfolio weights of the household’s tradable assets being subject to non-negativity constraints.
This entails that the individual asset shares are characterised by 0 < qr, qum, qu < 1. Although short-selling is
potentially attractive for households - it markedly increases the total return of a portfolio albeit at the cost of a
greatly increased risk — the presence of constraints on this form of borrowing is a highly plausible assumption
in the context of household finance.!? Households are unlike institutional investors, in that the former cannot
fund stock market investments through borrowing from financial intermediaries such as banks. Here, Perraudin
and Sorensen (2000) suggest that in the context of US households, it is highly unlikely that the majority of
households are characterised by optimal, unconstrained portfolios, which involve short-selling stocks; similarly,
Poterba (2002, 141) notes that the assumption of short-selling is “... probably not appropriate for a large set of
households’.!?

The expected return on total wealth, W, is given by

ww = qLiL + qmim + qHIHE + AUB )
where 1 is the mean of variable | € {W, L, M, H, B}. The corresponding variance, vy, is given by
qivL + 95um + qfvE + Aup

vw = | +2q.qmCov(L, M) + 2q1guCov(L, H) + 2qmquCov(M, H) | . (3)
+2g12Cov(L, B) + 2qpACov(M, B) + 2quACov(H, B)

In (3), the correlation coefficient between any two assets Y and Z is given by pyz = a"y@ & pPyz0yOz = Oyy,
such that ,/v; = 0y, i = Y, Z denotes the standard deviation of a variable, oyz = Cov(Y, Z) is the covariance,
and —1 < pyz < 1. Given space constaints, and to facilitate a more focussed analysis of the interplay between
background risk and borrowing constraints, our subsequent analysis permits background wealth B to be cor-
related with L, M, and H, but we assume that the tradable assets are not correlated with each other. Although
this does not detract from the main thrust of our analysis, it requires setting pryp = oL = PMH = 0.14, We
also stress here that despite the SCF being one of the most comprehensive surveys of household finances in the
United States, we do not have information about the specific stocks and assets that individual households own.
Consequently, we have no information on the extent to which the low, medium and high-risk assets in our sam-
ple are correlated over time. In the absence of this information, it therefore seems appropriate to set the tradable
asset correlations to zero, which is clearly beneficial in terms of keeping the motivational model parsimonious.!>

Now suppose the household specifies jiw; by the efficient set theorem (Markowitz 1952) it sets out to min-
imise the variance of wealth, vy. Appendix 1 derives the efficient frontier and asset share allocations consistent
with portfolio variance minimisation, from which we make the following claim:

Claim 3.1: In the absence of short-sale constraints, the optimal shares of the tradable assets are related to p
on the efficient frontier according to

A9y

04 _o 9u
’ duw

=
opuw Inw =~

> 0, 4)

>

where g7, g} and gj; denote the variance minimising shares for low, medium and high-risk assets.
Proof: See Appendix 1. |

That is, on the efficient frontier, a higher expected portfolio return ww is associated with an increase
(decrease) in the share of assets in the high-risk (low-risk) category. Significantly, Equation (4) shows that for
the medium-risk asset, the direction of this effect on g}, is a function of the relationship between the ratio of
the variances of the lowest risk (vr) and highest risk (vg) assets, and the expected returns to the three tradable
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assets. From an empirical perspective, this finding is of interest: even in a simple tractable framework like ours,
the conditions governing the behaviour of the medium-risk asset may be subject to some ambiguity, even when
the efficient frontier is unconstrained. Specifically, we find that,

(L — puan)’ '
[(r — ) (s — ) — (uar — )’

Iqy
ouw

[9)
0 iff =
UVH

VIIA
AV

(5)

It is straightforward to verify that the condition in expression (5) also holds in the presence of independent
background risk when the tradable assets are not correlated with each other. The results in Appendix 1 also imply
that independent background risk has no impact on the composition of the minimum variance portfolio on the
efficient frontier, a finding consistent with Lusk and Coble (2008) and Jiang, Ma, and An (2010).'6 This finding
is overturned when the assumption of independent background risk is relaxed.!” Moreover, Appendix 1 also
demonstrates that under correlated background risk the g7, i = L,M,H are all linear functions of background
risk, op. This finding enables us to make the following claim:

Claim 3.2: In the presence of both correlated background risk and short-sale constraints g; > 0, g3, > 0, and
qf; = 0, the domain of the non-binding risk-return space will also be a function of background risk.

Proof: See Appendix 2. |

As a prelude to our econometric analysis, and to explore the implications of the above results for US house-
holds, it is informative to conduct simple numerical experiments. This approach aligns with Jappelli, Julliard,
and Pagano (2010), who construct an efficient frontier for Italian households both with and without short-sale
constraints based on historical returns data, although unlike our contribution, the impact of background risk is
not considered.'® We also note here that as our low-risk category includes wealth held in savings accounts, the
short-sale constraint in this category could be interpreted as a borrowing constraint in which the household is
not permitted to hold negative balances. In the context of our model, this would entail households not having
the ability to obtain a loan to purchase medium-risk or high-risk assets.'?

Figure 1 plots efficiency frontiers in the pyw—-ow space, and demonstrates how the presence of correlated
background risk can exacerbate the impact of short-sale conditions by further restricting the domain of the non-
binding return-risk space available to households.?’ For the tradable assets, we choose parameterisations based
on historical data for the annualised returns and volatility of the S&P 500 (‘high-risk’), the Bloomberg Barclays
Municipal Bond Index (‘medium-risk’), and average effective fed funds rate (low-risk’), for the years 1995-2019,
which matches the sample period used in our empirical analysis.?! Although these proxies are arguably crude,
they tentatively capture the differences in the nature of returns and volatilities associated with the SCF asset
categories, which are discussed in more detail in Section 3. Our parameterisations are: p; = 2.36, o1, = 2.25;
Uym = 543, 0pm = 4.96; and ug = 11.89, oy = 18.44. For background wealth B we set g = 4 and A = 1, and
consider two scenarios: one without background risk (g = 0); and another where background risk is assumed
to be positively correlated with the high-risk asset (og = 5, prp = pmp = 0, pup = 0.4). Using expression (5)
our parameterisations imply that d¢},/duw > 0, which entails that lower levels of risk aversion (and hence a
higher ) will be associated with a higher share of medium-risk assets.

To explore how background risk may affect the composition of the household’s optimal portfolio, we assume
that household preferences are given by the mean-variance utility function

G(uw,vw) = uw — Y vw, (6)

where y > 0Oisarisk aversion parameter such that greater values imply lower levels of risk tolerance, and set y =
0.5.22:23 Curves corresponding to the case of no background risk are labelled using a “** (black lines), whereas
under positively correlated background risk, “**” is used (grey lines). The dotted lines show the unconstrained
efficient frontiers under each scenario, and the thicker solid lines capture the impact of the corresponding bind-
ing constraints on the respective frontiers.> The dashed lines capture household preferences. Table 1 reports
the corresponding optimal asset allocations and the effects on household welfare.
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Figure 1. The efficient frontier and household preferences under short-sale constraints, with (**) and without (*) background risk.

Notes: The following parameterisations are used: i, = 2.36,0; = 2.25; jum = 5.43,0m = 4.96; uy = 11.89,0y = 18.44; ug = 4,1 = 1;¥ = 0.5.Black curves capture
the absence of background risk (o = 0). Grey curves correspond to the case of positively correlated background risk (og = 5, pig = pms = 0, pus = 0.4). For the
tradable assets, our parameterisations are based on annual historical data for the years 1995-2019 corresponding to: the average effective fed funds rate (‘low-risk’);
the Bloomberg Barclays Municipal Bond Index (‘medium-risk’); and the annualised returns and volatility of the S&P 500 (‘high-risk’).

Table 1. Optimal portfolio composition predicted by the model under alternative background risk scenarios.

Optimal portfolio composition

Background risk scenarios qf an a;; Welfare
No background risk (o = 0) 0.694 0.268 0.038 5.191
Positive correlation 0.726 0.274 0 -6.749
(o8 = pmB = 0; pyg = 0.4)

Independent background risk 0.694 0.268 0.038 -7.309
(o8 = pms = pHg = 0)

Negative correlation 0.605 0.249 0.146 -3.917

(o8 = pmg = 0; prg = —0.4)

In the absence of background risk (op = 0), the tangency point of household preferences with the efficient
frontier corresponds to an optimal portfolio allocation spread across all three assets. Introducing background
risk has the effect of shifting the efficient frontier to the right,>> and when B is positively correlated with H
(pup = 0.4), holdings of high-risk assets fall to zero and holdings of L and M rise. Of special interest here is the
impact of correlated background risk on the model’s binding constraints. Figure 1 shows that in the absence of
background risk, the most risk averse households are not subject to binding constraints: for instance, at the global
minimum, the optimal asset allocation is gf = 0.819, g3, = 0.169, and gj; = 0.012. As in Jappelli, Julliard, and
Pagano (2010), risk-loving households suffer the greatest welfare loss due to the presence of binding constraints
(solid black line),?® and risk-averse households are unaffected. This finding contrasts with the case of pyp = 0.4,
where unlike in Jappelli, Julliard, and Pagano (2010), the introduction of correlated background risk entails that
the most risk averse households will also suffer welfare loss due to binding constraints coming into effect. Under
positive correlation of the form pyp = 0.4 the point of tangency between the unconstrained efficient frontier
and household preferences shown in Figure 1 is infeasible due to gj; < 0, and the optimal allocation associated
with the constrained frontier is associated with zero holdings of high-risk assets.?” Households situated at both
ends of the risk aversion spectrum are observed to be impacted by binding constraints.
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Table 1 also reports the results under our model parameterizations of scenarios that are not depicted in
Figure 1, namely the cases of independent background risk, and, of negative correlation, where pgg = —0.4. In
the former case, the optimal portfolio allocation is identical to that under no background risk, albeit household
welfare is markedly lower. Significantly, Table 1 shows that the presence of background risk reduces household
welfare relative to the zero background risk case. Under pgp = —0.4, households are characterised by riskier
portfolios in that a much higher (lower) proportion of wealth is held in the form of high-risk (low-risk) assets.

More generally, the findings reported above are consistent with Arrondel and Calvo-Pardo (2002) who find
that “...the sign and magnitude of the correlation may exacerbate or counterbalance the optimal portfolio
response to the introduction of a background risk.” Notwithstanding our focus on the behaviour of the medium-
risk asset, the confluence of borrowing constraints with background risk holds non-negligible ramifications
for portfolio allocation in US households. As US households are subject to short-sale constraints in practice
(Perraudin and Sorensen 2000; Poterba 2002), this suggests that when econometrically modelling the determi-
nants of household portfolio selection, controlling for the potential effects of background risk is advisable. In this
regard, our results align with a wider literature (e.g. Heaton and Lucas 2000) which predicts that the dual pres-
ence of borrowing constraints and background risk will affect household portfolio selection. Given the insights
of our mean-variance framework, we now turn to the analysis of SCF data.

4. Data

The SCF has been used extensively in the existing literature relating to household finances, see for example,
Haliassos and Bertaut (1995), Browning and Lusardi (1996), Bertaut (1998), Spaenjers and Spira (2015), and
Fulford (2015), amongst many others. The SCF is a repeated cross-sectional triennial survey of US households
conducted on behalf of the Federal Reserve System’s Board of Governors. We exploit data from the 1995-2019
waves of the SCE?®

The SCF contains detailed information on household assets and liabilities, in addition to a range of income,
socioeconomic and demographic characteristics. It is notable for containing household level information on
a wide range of financial assets including: transaction accounts; certificates of deposit; bonds; stocks; pooled
investment funds; and retirement funds amongst others. This feature permits us to explore the household’s
portfolio allocation decisions. To do so, we allocate assets into three distinct risk-based categories: high-risk;
medium-risk; and low-risk. This taxonomy is consistent with the three tradable asset types in our motivating
theoretical model. Moreover, our asset classification is employed widely in the household finance literature, see
for example, Barasinska, Schifer, and Stephan (2012), Carroll (2002) and Hurd (2002). The precise distinction
between low, medium and high-risk assets, as used in theoretical analysis, however is not easily applicable to
empirical research, as we are unable to identify the specific assets held by the household. Moreover, we do not
know the returns on each individual asset and as a result defining riskiness according to the mean-variance
approach is not possible.

In line with the existing literature, we construct a measure of high-risk assets that comprises of both direct
and indirect risky asset holding, through for example, retirement accounts. Low-risk assets include, for example,
checking accounts and certificates of deposit, while medium-risk assets include for example, non-risky pension
accounts, tax mutual funds and tax free bonds. Full descriptions of these asset classes are presented in Table 2.
As is standard in the empirical literature, we explore the ratio of these asset classes to total financial wealth in
the household, that is the proportion of financial wealth allocated to each asset class.

In our empirical specifications, we control for a wide range of demographic and socioeconomic characteris-
tics which are based on the existing literature. These include: age; gender; race; the presence of children in the
household; education; and labour market status. We also control for measures capturing risk attitudes, income
(and wider economic) expectations in the coming years, home ownership and the household’s saving horizon.
A full description of these variables and corresponding summary statistics are provided in Table 2.

Moreover, in line with our theoretical motivation, we control for a set of variables which capture the house-
hold’s exposure to a range of background risks. These draw on the existing literature and include risks associated
with income, health, expenditure, business ownership, wealth shocks associated with future inheritance and
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Table 2. Variable definitions.

Dependent Variables

Definition

High-risk

Medium-risk
Low-risk

Directly held stocks; Stock mutual funds; Risky retirement accounts; Risky annuities; Trust funds; Mortgage bonds;
Corporate and foreign bonds.

Safe retirement funds; State and local bonds; Tax-free bonds; Life insurance policy.

Checking and saving accounts; Certificates of deposit; Money market deposit accounts; US savings bonds; Call
accounts.

Independent Variables

Definition

Age

Age Squared
Male

White

Child
College
High school
Married
Employed
Self-Employed
Retired

Economic Exp.

Saving horizon.

Risk Attitudes

Total Income
Net Wealth

Homeowner
Year controls

Age of household head in years.

Age of household head in years squared divided by 100.

= 1if head of household is male; 0 if female.

= 1if the head of household is white, 0 otherwise.

= 1if there are children under the age of 16 present in the household, 0 otherwise.

= 1if head of household has college degree as highest educational qualification, 0 otherwise.
= 1if head has high school diploma as highest educational qualification, 0 otherwise.
= 1if head of household is married or in a relationship, 0 otherwise.

= 1if head of household reports being employed, 0 otherwise.

= 1if head of household reports being self-employed, 0 otherwise.

= 1if head of household reports being retired, 0 otherwise.

Index based on response to the question, ‘Over the next five years, do you expect the US economy as a whole to
perform better, worse, or about the same as it has over the past five years? 0 = Worse, 1 = About the same, 2 =
Better.

Index based on responses to the question, ‘In planning or budgeting your (family’s) saving and spending which period
is most important to you? 1 = next few months, 2 = nextyear,3 = next few years, 4 = 5-10years, 5 = longer
than 10 years.

An index, increasing in risk tolerance, based on responses to the question:

"Which of the following statements comes closest to describing the amount of financial risk that you are willing take
when you save or make investments?’ 0 = Not willing to take any financial risks, 1 = Take average financial risks
expecting to earn average returns, 3 = Take above average financial risks expecting to earn above average returns, 4
= Take substantial financial risks expecting to earn substantial returns.

Natural Logarithm transformation of total household income divided by 10.

Inverse hyperbolic sine transformation of net wealth, that is, total assets minus total debt, divided by 10.

= 1if the household owns or is buying/land contract on property; 0 otherwise.

Dummy variables for the 1995 (omitted), 1998, 2001, 2004, 2007, 2010, 2013, 2016 and 2019 years are included.

Background Risk

Definition

Own Business
Multi Earner

Major Fin. Exp.

Health Insurance
Inheritance

Know Income
Income Above Norm.

Income Below Norm.

= 1if owns business which was not started by the household, 0 otherwise.
= 1if there is more than one earner in the household, 0 otherwise.

= 1if household head reports 'Yes’, 0 otherwise, to the question,

‘In the next five to ten years, are there any foreseeable major expenses that you (and your family) expect to have to

pay for (yourself/yourselves), such as educational expenses, purchase of a new home, health care costs, support for

other family members, or anything else?’

= 1if notallindividuals in the household are covered by some type of health insurance; 0 otherwise.

= 1if expect inheritance or significant transfer of assets in the next five years, 0 otherwise.

= 1if household head has ‘a good idea of what your (family’s) income for next year will be’, 0 otherwise.

Takes the values of the difference between ‘normal’ income and previous years income, if previous years income
exceeded ‘normal’ income.

Takes the values of the difference between ‘normal’ income and previous years income, if previous years income was
below ‘normal’ income.

whether there are a multiple earners in the household. Income risk is captured by two variables: (i) if the house-
hold has a reasonable idea of what the household’s income will be in the future; and (ii) if the household’s
previous annual income was above or below what was expected.”® Health risk is captured by the insurance cover
of the household, whilst expenditure risk is captured by whether major financial expenses are expected in the
next five years. A full description of these variables is also given in Table 2.
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Table 3. Borrowing constraint measures.

Panel A: The questions used in constructing the borrowing constraint measures

(1): In the past twelve months, has a particular lender or creditor turned down any request you or your (husband/wife/partner)
made for credit, or not given you as much credit as you applied for?

(2): Were you later able to obtain the full amount you requested by reapplying to the same institution or by applying elsewhere?

(3): Was there any time in the past twelve months that you (or your husband/wife/partner) thought of applying for credit at
a particular place, but changed your mind because you thought you might be turned down?

Panel B: Borrowing constraint measures definitions

Constraint 1 = 1if the household did not apply for credit due to a belief that the application would be rejected,
0 otherwise

Constraint 2 = 1if the household responds they were turned down or did not obtain the full amount of credit
applied for, 0 otherwise

Constraint 3 = 1if the household responds they were turned down or did not obtain the full amount of credit
applied for and they did not reapply or were able to obtain credit elsewhere, 0 otherwise

Constraint 4 = 1if constraint 1 or constraint 2 are satisfied, 0 otherwise

Constraint 5 = 1if constraint 1 and constraint 3 is satisfied, 0 otherwise.

Notes: The table shows how the borrowing constraint status of the household can be constructed using the information in the SCF.

4.1. Measuring borrowing constraints

The key aim of this paper is to explore the impact of borrowing constraints on portfolio allocation decisions.
In the literature more broadly, the term liquidity constrained is used to refer to households who are credit or
borrowing constrained, see for example, Guiso and Paiella (2008), Le Blanc et al. (2015) and Campbell and
Hercowitz (2019). Generally, households are defined to be borrowing constrained if they are unable to borrow
the amount they asked for or they have been charged a higher interest rate than the ‘market clearing’ interest
rate.

Previous studies have exploited a range of constraint measures to test the validity of the Life-Cycle/Permanent
Income Hypothesis models (see for example, Hall and Mishkin 1982; Hayashi 1985; Zeldes 1989). A major limi-
tation of these studies is that constrained households are identified via indirect evidence, such as the household’s
wealth to income ratio or the household’s saving rate. Subsequent studies have used more direct measures of such
constraints, which are revealed directly from survey questions.

The SCF includes information which enables us to directly observe constrained households, in line with
Jappelli (1990). A full description of these measures is given in Table 3, whilst the corresponding summary
statistics are presented in Table 4. We use information on whether households have been turned down for credit
at a financial institution or if they did not apply because they believed they would be turned down for credit
in order to define a range of borrowing constraint measures. We incorporate information based on whether
the household did not apply for credit due to a belief they would be turned down, in addition to actually being
turned down for credit, since, as argued in Jappelli (1990), if there is a cost to apply, this subjective likelihood of
being turned down may not apply initially due to the likelihood they will be refused credit.

Initially, we exploit information on whether the household chose not to apply for credit based on a belief
that it might be rejected (Constraint 1). Specifically, this form of constraint is associated with the response to the
question: ‘Was there any time in the past 12 months that you thought of applying for credit at a particular place,
but changed your mind because you thought you might be turned down?” We construct a binary variable which
assumes a value of 1 if the response was ‘yes’, and 0 if ‘no’. Table 4 shows that 14% of the households in our
sample did not apply for credit in the past 12 months for this reason.

Our second constraint measure (Constraint 2) is based on the question: ‘In the past twelve months, has a
particular lender or creditor turned down any request you (or your husband/wife/partner) made for credit, or not
given you as much credit as you applied for?”*° Respondents can respond in three ways: Yes, turned down; Yes,
not as much credit; or No. A household is defined to be constrained if they respond either ‘turned down’ or did
not receive as much credit as applied for. Households are not constrained if they respond ‘no’. In our sample,
25% are defined to be constrained according to this measure.
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Table 4. Summary statistics.

Mean Standard Deviation [Min, Max]
Dependent Variables:
Proportion High Risk Assets (Direct and Indirect) 0.333 (0.333) [0,1]
Proportion Medium Risk Assets 0.254 (0.293) [0,1]
Proportion Low Risk Assets 0.412 (0.390) [0,1]
Independent Variables:
Age 48.048 (0.086) [17,95]
Age Squared 25.181 (0.087) [2.89,90.25]
Male* 0.822 (0.383) [0,1]
White* 0.792 (0.406) [0,1]
Education:
Below High School* 0.063 (0.243) [0, 1]
High School* 0.405 (0.490) [0,1]
College Degree* 0.532 (0.499) [0, 1]
Married* 0.707 (0.455) [0, 1]
Child* 0.490 (0.500) [0,1]
Employment:
Employed* 0.584 (0.492) [0, 1]
Self-Employed* 0.245 (0.430) [0, 1]
Retired* 0.103 (0.304) [0,1]
Other* 0.068 (0.252) [0, 1]
Economic Exp. 1.157 (0.764) [0,2]
Saving Horizon 2.188 (1.333) [0,4]
Risk Attitudes 1.088 (0.848) [0,3]
Ln(Total Income) 11.656 (1.463) [2.64,19.77]
Net Worth 9.951 (8.598) [—17.15,21.71]
Homeowner* 0.674 (0.469) [0, 1]
Background Risks:
Business Own.* 0.284 (0.451) [0, 1]
Multi Earners* 0.391 (0.488) [0, 1]
Major Fin. Exp.* 0.596 (0.491) [0, 11
No Health insur.* 0.083 (0.275) [0, 1]
Inheritance* 0.175 (0.380) [0, 1]
Know Income* 0.706 (0.455) [0, 1]
Income Above Norm. 1.398 (3.876) [0,20.13]
Income Below Norm. —1.742 (4.050) [—18.34,0]
Borrowing Constraints:
Constraint 1* 0.139 (0.346) [0, 1]
Constraint 2* 0.251 (0.434) [0, 1]
Constraint 3* 0.156 (0.363) [0, 1]
Constraint 4* 0.290 (0.454) [0, 1]
Constraint 5* 0.195 (0.396) [0, 1]
Observations 27,433

Notes: The table shows summary statistics of the variables. Standard deviations in parentheses. *indicates binary variable.

Our next measure augments the above with information contained in the following question: ‘Were you later
able to obtain the full amount you requested by reapplying to the same institution or by applying elsewhere?’ If a
household was subsequently able to obtain the full amount applied for, they are defined as not being constrained
in our third borrowing constraint measure (Constraint 3). As presented in Table 4, once we account for house-
holds who were able to obtain credit by reapplying (either at the same institution or else where), the proportion

of constrained households falls to 16%, as compared to Constraint 2.

Finally, in the spirit of Jappelli (1990) we combine the above questions relating to being turned down and
not applying due to a belief of being turned down. Specifically, we construct binary variables which capture if
a household has not obtained credit due to either not applying for credit or if they have been unsuccessful in
their credit application (Constraints 4 and 5). The proportions of households defined to be constrained when we
account for both being discouraged and turned down are 29% and 20% for Constraints 4 and 5, respectively.
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We restrict our analysis to the sample of households who have made, or thought about making, a credit appli-
cation in recent years. We argue that, if a household has not applied for credit, then we do not observe whether
they are constrained or not. This results in a sample of 27,433 households across the time period 1995-2019.

4.2. Asset share distributions

Figure 2 presents the distributions of the dependent variables considered in our analysis, that is, the ratios of
high, medium and low-risk assets to total financial wealth, whilst Figure 3 present the distributions conditional
on holding each asset category. The distributions are clearly non-normal suggesting that linear regression is not
an appropriate modelling approach. It is also apparent that there are spikes at various parts of the distribution,
particularly at 0 and 1. Considering the distributions shown in Figure 2, approximately 65% of households hold
some sort of high-risk asset either directly or indirectly. The summary statistics presented in Table 4 reveal that
households hold around 33% of their financial wealth in high-risk assets, either directly or indirectly, whilst
around 41% of financial assets are held in safe assets. Furthermore, the majority of households hold some form
of safe asset (which is not surprising as this asset category includes checking and current accounts), with only
0.8% of households not holding any safe assets.

5. Empirical strategy

For the purposes of comparison to the existing literature, we initially consider univariate models of port-
folio allocation where a single high-risk asset is the focus. In these specifications, the share of high-risk
assets in a household portfolio is modelled using a univariate fractional response model (FRM) (Papke and
Wooldridge 1996).%! For brevity, we do not present the formulations of these standard econometric techniques.
Given the different underlying assumptions of the FRM approach, its consideration serves as a robustness check.
Following this, we estimate the OF model which is appropriate given that our data on household asset shares is
characterised by an inherent risk ordering. This estimation approach is now described below.

5.1. The ordered fractional (OF) model

We are concerned with modeling the household’s financial portfolio, where a household can allocate their finan-
cial assets to three distinct categories based on their risk exposure, namely, high, medium and low. Our interest
lies in modelling the share of the household’s financial portfolio allocated to each type of financial asset and
the partial effects of observed covariates on these. Consequently, we employ the ordered fractional model of
Kawasaki and Lichtenberg (2014). Recall from Section 4 that our household asset shares are represented by pro-
portions that all lie in the domain of zero and one, sum to one, and are classified according to their riskiness.
Intuitively, our choice of econometric modelling strategy is consistent with the theoretical model in Section 3,
where similarly, our concern was with accounting for the behaviour of the portfolio shares of a household with
three tradable assets. As described below, using an OF model is also consistent with our assumption that US
households are subject to short-sale constraints.32 In our set up, we label the shares j = 0, 1, 2, such that they
increase with risk as j increases, that is, j = 0 represents the low-risk category, j = 1 represents medium-risk
assets, and j = 2 represents the high-risk assets.>?

In order to motivate the OF model, it is intuitive to relate it to the standard ordered probit (OP) model
(W. Greene 2012). Here, agents are assumed to have an underlying latent variable, y7, related to observed
characteristics with unknown weights (8), and a random, normally distributed error term u;, such that

i =xB+ u. (7)

Denoting the total number of outcomes available as J (here ] = 3, such that j = 0, 1, 2), the outcome j that
household i chooses will depend on the relationship between y and the inherent boundary parameters in the
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Figure 2. Asset share distributions.

Notes: The above figure shows the distributions of the three assets classifications in the SCF.
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Figure 3. Conditional asset share distributions.

Notes: The above figure shows the distributions of high-risk, medium-risk and low-risk assets in the SCF, conditional on holding assets in each respective asset class.
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OP model (W. H. Greene and Hensher 2010), x4, according to

0 if yi < o
yi=131 if uo <y} < . (8)
2 ifyp >

Household #’s corresponding likelihood when | = 3 is

J—1=2

b= [T (@uo—x)™ ([® (u — %) - ® (0 - xp)" (1 - @ =xp)"  ©

i—0

-

where ®(-) is the standard normal cumulative distribution function. The indicator function dj; is such that
dij = 1(y; = j), where unlike an OF model, the household can be in only one of the j = 0, 1, 2 outcomes. As
such, Equations (7) and (9) are not sufficient to model ordered fractional data.

What is required is the effect of covariates on

E(sjlx), j=0,1,2 (10)

where E denotes the expected value of the term in parentheses. Replacing d;j = 1(y; = j) with s;; yields the
likelihood function as in Kawasaki and Lichtenberg (2014):

l = l_[ (@ [po — x8])" ([@ (1 — XiB) — @ (o — x:B8)])™" (1 — @ (1 — x}B))™>.  (11)
j
Note that here the OF model is consistent with the inherent ordering, in risk, of the asset bundles (and not of
the value of the shares themselves). This allocation equation is now characterised by

E (sij=0 Ixi) = @ (1o — X;B)
E (sij=11%i) = @ (11 — xiB) — @ (1o — X;B)
E(sij=2Ixi) =1— @ (1 — x;p) (12)

which by construction satisfy 0 < E(s;j|x;) < 1, and are consistent with the risk ordering of the j asset bundles
in the household’s portfolio. Moreover, boundary observations of zero or unity shares are also easily dealt with
here. Such a model thus provides a means of modelling the household’s portfolio allocations, which takes into
account the inherent risk ordering of the asset categories. This empirical strategy mirrors the theoretical setup
presented in Section 3.

6. Results

Prior to discussing the results relating to the OF model, we consider the univariate models of high-risk asset
holding. As reported earlier, high-risk assets are defined to include both direct and indirect risky asset holding.
In these specifications, we model the share of high-risk assets relative to the household’s total financial assets
using a univariate specification. We then discuss the results relating to the OF model.

6.1. Univariate model estimates

Tables A2 and A4 report the coefficients corresponding to our respective Tobit and FRM specifications in which
the proportion of high-risk assets is the dependent variable. Accordingly, Tables A3 and A5 present the respective
marginal effects for these specifications. The results are generally consistent with the existing literature (see for
example, Bertaut 1998; Fratantoni 2001; Haliassos and Bertaut 1995; Rosen and Wu 2004), with variables such as
income, wealth, education and ethnicity displaying a statistically significant association with risky asset holding.
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Our analysis also reveals that there is an inverse relationship between our borrowing constraint measures and
the proportion of high-risk assets held. These results are consistent across all borrowing constraint measures.
For example, the variable Constraint 1, which corresponds to an individual not applying for credit due to a belief
that they would be turned down, is associated with holding a lower level of high-risk assets in both the Tobit
and FRM specifications. In the latter specification, Table A5 suggests that being constrained by this measure
is associated with a reduction in the share of risky assets by 2.5%. The magnitudes across all five borrowing
constraint measures are similar, irrespective of how we define being borrowing constrained or the modelling
approach adopted.

6.2. Ordered fractional (OF) model estimates

We now turn to the estimates relating to the OF model, which constitutes our preferred estimation framework.
As described previously, this approach entails jointly modelling the household’s financial portfolio in the form
of the proportion of financial wealth allocated to high, medium and low-risk asset categories. Table 5 presents
the coefficients and the marginal effects for the OF model. A positive coefficient indicates that an increase in
a variable leads to households holding a greater proportion of assets in higher-risk categories. However, the
precise size and direction of a variable’s effect on each respective asset class is given by the reported marginal
effect, which is evaluated by holding all variables at their means.

It is evident from Table 5 that the impact of the standard variables on the household’s portfolio allocations are
generally in accordance with the univariate models and the existing literature. For example, a household whose
head is white holds a higher proportion of high-risk assets in its portfolio relative to households headed by other
ethnic groups, whilst having children is associated with a household holding a safer portfolio. It is notable here
that households headed by individuals who are ethnically white hold a 5.0% greater share of high-risk assets and
a 0.5% greater share of medium-risk assets in their financial portfolios relative to households where the head
is non-white. The figures are offset by a 5.5% reduction in the share of low-risk assets. Similarly, education is
strongly related to the household’s portfolio composition. Relative to having below high school level education,
a college education is associated with a 16.0% greater high-risk asset share, and a 17.7% lower low-risk asset
share. Moreover, households whose heads are retired are associated with holding a greater proportion of high-
risk assets relative to where the head of a household is not in the labour force. The marginal effects indicate
that relative to this latter cohort, retired heads of household are associated with holding asset shares in high and
medium-risk assets that are respectively 5.4% and 0.6% higher.

With regards to attitudes towards risk, saving horizons, and subjective economic expectations, we find
relationships that align with our priors. Having a positive economic outlook and being more risk tolerant is
associated with a riskier portfolio allocation. For example, a one-unit increase in the risk attitudes index is asso-
ciated with an increase in the share of high-risk assets by 7.3% and a reduction in the share of low-risk assets by
8.0%.

The estimates corresponding to our background risk variables indicate that an expectation of major financial
expenditure, holding no health insurance cover, receiving an inheritance, and having a good idea of what the
household’s income for next year, all have statistically significant impacts on portfolio composition. For example,
a household with no health insurance cover is more likely to hold a safer portfolio compared to a household that
is covered by such a policy. Here, the impact is sizable: the absence of health insurance cover is associated with
holding an 11.1% greater share of low-risk assets, which is offset by holding a 10.0% lower share of high-risk
assets, and a 1.1% lower share of medium-risk assets.

Turning our attention to the borrowing constraint measures reveals broadly similar results to the univariate
specifications, in that households who are defined to be borrowing constrained hold, on average, safer financial
portfolios.** These results reveal that in addition to being associated with holding a lower share of high-risk
assets, borrowing constraints lead to a reduction in the share of medium-risk assets held. Such reductions in
both of our riskier asset classes are offset by a rise in low-risk asset holdings. This effect is true for all borrowing
constraint measures and is in line with the theoretical model presented in Section 3. For example, Constraint 5 is
associated with a reduction in the holdings of high and medium-risk assets by 1.8% and 0.2% respectively. These
falls are counterbalanced by a 2.0% increase in the share of low-risk assets held by the household. We note here
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Table 5. Ordered fractional (OF) model estimates.

Coefficients Low-risk Medium-risk High-risk
Coef. SE Coef. SE Coef. SE Coef. SE

Age 0.0357*** (0.0026)  —0.0138*** (0.001) 0.0014*** (0.0001) 0.0124*** (0.0009)
Age Squared —0.02977** (0.0026) 0.0113*** (0.001) —0.001 17 (0.0001)  —0.01027** (0.0009)
Male —0.0258 (0.0212) 0.01 (0.0082) —0.001 (0.0008) —0.009 (0.0074)
White 0.1424*** (0.0151) —0.0557%** (0.0059) 0.0054*** (0.0006) 0.0497*** (0.0053)
Education

High School 0.2743*** (0.0286) —0.10627*** (0.0111) 0.0105*** (0.0012) 0.0957*** (0.01)

College Degree 0.4578*** (0.0286) —0.17727%** (0.0111) 0.0175%** (0.0013) 0.1597*** (0.01)
Married 0.0354* (0.0204) —0.0137* (0.0079) 0.0014* (0.0008) 0.0124* (0.0071)
Child —0.03447* (0.0121) 0.0133*** (0.0047)  —0.0013*** (0.0005)  —0.012*** (0.0042)
Employment

Employed 0.2786™** (0.0263) —0.1079*** (0.0102) 0.0107*** (0.0011) 0.0972°%** (0.0092)

Self-Employed 0.027 (0.0301) —0.0105 (0.0117) 0.001 (0.0011) 0.0094 (0.0105)

Retired 0.154%* (0.031) —0.0596™** (0.012) 0.0059*** (0.0012) 0.0537*** (0.0109)
Economic Exp. 0.0199*** (0.0071) —0.0077*** (0.0028) 0.0008*** (0.0003) 0.0069*** (0.0025)
Important Period 0.0297°*** (0.0044) —0.0113%** (0.0017) 0.0017*** (0.0002) 0.0107*** (0.0015)
Risk Attitudes 0.2078*** (0.0071)  —0.0804*** (0.0028) 0.0079*** (0.0004) 0.0725*** (0.0025)
Total Income 0.1297%** (0.0057)  —0.05*** (0.0022) 0.0049*** (0.0003) 0.045* (0.002)
Net Worth 0.019*** (0.0009) —0.0074*** (0.0004) 0.0007*** (0) 0.0066™** (0.0003)
Home Owner 0.1523*** (0.0143) —0.059™** (0.0055) 0.0058*** (0.0006) 0.053717*** (0.005)
Background Risk

Business Owner —0.0363** (0.0154) 0.01471** (0.006) —0.0014** (0.0006)  —0.0127** (0.0054)

Multi Earners 0.0648*** (0.0137) —0.0257*** (0.0053) 0.0025*** (0.0005) 0.0226™** (0.0048)

Major Fin. Exp. 0.0565*** (0.0114) —0.0219*** (0.0044) 0.00227*** (0.0004) 0.0197*** (0.004)

No Health Insur. —0.2858** (0.0249) 0.1107*** (0.0097)  —0.0109*** (0.0011)  —0.0997*** (0.0087)

Inheritance 0.05127%** (0.0134) —0.0198*** (0.0052) 0.002*** (0.0005) 0.0179*** (0.0047)

Know Income 0.0564*** (0.0125) —0.0219*** (0.0049) 0.00227*** (0.0005) 0.0197*** (0.0044)

Income Above Norm.  —0.0014 (0.0014) 0.0005 (0.0005) —0.0001 (0.0001) —0.0005 (0.0005)

Income Below Norm. 0.0019 (0.0014)  —0.0008 (0.0005) 0.0001 (0.0001) 0.0007 (0.0005)
1998 0.1263*** (0.0231) —0.0489*** (0.0089) 0.0048*** (0.0009) 0.04477*** (0.0081)
2001 0.1397*** (0.023) —0.05471*** (0.009) 0.0053*** (0.0009) 0.0488*** (0.0081)
2004 0.0217 (0.0223) —0.0084 (0.0087) 0.0008 (0.0009) 0.0076 (0.0078)
2007 0.0356 (0.0226)  —0.0138 (0.0088) 0.0014 (0.0009) 0.0124 (0.008)
2010 0.08*** (0.0215) —0.037*** (0.0083) 0.00371*** (0.0008) 0.0279*** (0.0075)
2013 0.0493** (0.0218) —0.0191** (0.0084) 0.0019** (0.0008) 0.0172** (0.0076)
2016 0.0292 (0.0225)  —0.0113 (0.0087) 0.0011 (0.0009) 0.0102 (0.0079)
2019 —0.0224 (0.0234) 0.0087 (0.009) —0.0009 (0.0009)  —0.0078 (0.0081)
Boundary parameters:
o 3.5928*** (0.0883)
A 4.3556™** (0.0885)
Borrowing Constraints:

Constraint 1 —0.0474** (0.0192) 0.0184** (0.0074) —0.0018** (0.0007) —0.0165** (0.0067)

Constraint 2 —0.0377** (0.0146) 0.0146™* (0.0057) —0.0014** (0.0006) —0.0132** (0.0051)

Constraint 3 —0.04977** (0.0178) 0.019%** (0.0069)  —0.0019*** (0.0007)  —0.01771%** (0.0062)

Constraint 4 —0.0435%** (0.0146) 0.0168*** (0.0057) —0.0017*** (0.0006) —0.0152%** (0.0051)

Constraint 5 —0.0524*** (0.0168) 0.0203*** (0.0065) —0.0027** (0.0006) —0.0183*** (0.0059)

Notes: Fractional Ordered Probit Estimates. Standard errors in parentheses. *denotes significance at the 10% level, ** denotes significance at the 5%
level and *** denotes significance at the 1% level. Coefficients of the independent variables are those from the specification including Constraint
5.All regressions account for multiple imputation.

that although prima facie, the magnitude of the borrowing constraints may not appear to be large, our findings
are, for example, comparable in size to the effect of children being present in the household. Moreover, we have
demonstrated that in the presence of a standard set of controls and proxies for background risk measures, bor-
rowing constraints are influential in determining household portfolio allocation decisions. This reflects the fact
that household portfolio allocation may invariably be the result of a complex and multifaceted decision-making
process, albeit one in which borrowing constraints — along with numerous other factors — have a role to play.
What is also notable is that our findings are entirely robust to alternative empirical measures of borrowing con-
straints. Significantly, our constraints are unanimously associated with households selecting less risky financial
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Table 6. Ordered fractional (OF) model estimates: robustness analysis.

Coefficients Low-risk Medium-risk High-risk

Coef. SE Coef. SE Coef. SE Coef. SE
Panel A: Specification 1 — Direct and indirect stock holding as risky asset
Constraint 1 —0.0474** (0.0192) 0.0184** (0.0074) —0.0018** (0.0007) —0.0165** (0.0067)
Constraint 2 —0.0377** (0.0146) 0.0146** (0.0057) —0.0014** (0.0006) —0.0132** (0.0051)
Constraint 3 —0.0497%** (0.0178) 0.019*** (0.0069) —0.0019*** (0.0007) —0.0177*** (0.0062)
Constraint 4 —0.0435*** (0.0146) 0.0168*** (0.0057) —0.0017*** (0.0006) —0.0152%** (0.0051)
Constraint 5 —0.0524*** (0.0168) 0.0203*** (0.0065) —0.0027*** (0.0006) —0.0183*** (0.0059)
Panel B: Specification 2 - Direct stock holding as high risk asset
Constraint 1 —0.0338* (0.0193) 0.0131* (0.0075) —0.0077* (0.0044) —0.0053* (0.003)
Constraint 2 —0.0316** (0.0139) 0.0122** (0.0054) —0.0072** (0.0032) —0.005** (0.0022)
Constraint 3 —0.0449** (0.0172) 0.0174*** (0.0067) —0.0103%** (0.0039) —0.0071*** (0.0027)
Constraint 4 —0.0337** (0.0138) 0.013** (0.0053) —0.0077** (0.0031) —0.0053** (0.0022)
Constraint 5 —0.0437%* (0.0164) 0.0169*** (0.0064) —0.01*** (0.0038) —0.0069*** (0.0026)
Panel C: Specification 3 - Life insurance and retirement accounts omitted
Constraint 1 —0.1085** (0.03) 0.0303*** (0.0084) —0.0077*** (0.0021) —0.0226™** (0.0062)
Constraint 2 —0.0933%** (0.0201) 0.02671*** (0.0056) —0.0066*** (0.0014) —0.0195™** (0.0042)
Constraint 3 —0.0853*** (0.0259) 0.0238*** (0.0072) —0.00617** (0.0018) —0.0178*** (0.0054)
Constraint 4 —0.1015%** (0.0195) 0.0284*** (0.0055) —0.00727** (0.0014) —0.0212%** (0.0041)
Constraint 5 —0.0928™** (0.0243) 0.0259*** (0.0068) —0.0066*** (0.0017) —0.0193*** (0.005)
Panel D: Specification 4 — Bonds allocated to medium risk assets
Constraint 1 —0.0578*** (0.0201) 0.0229*** (0.008) —0.0024*** (0.0008) —0.0205*** (0.0071)
Constraint 2 —0.0497** (0.0155) 0.0196™** (0.0061) —0.00277** (0.0006) —0.0176*** (0.0055)
Constraint 3 —0.0579*** (0.0185) 0.0229*** (0.0073) —0.0024*** (0.0008) —0.0205*** (0.0066)
Constraint 4 —0.0572%** (0.0153) 0.0226*** (0.006) —0.0024*** (0.0006) —0.0202*** (0.0054)
Constraint 5 —0.063*** (0.0173) 0.0249*** (0.0068) —0.0026™** (0.0007) —0.0223%** (0.0061)

Notes: Fractional Ordered Probit Estimates. Standard errors in parentheses. *denotes significance at the 10% level, ** denotes significance at the
5% level and *** denotes significance at the 1% level. All models contain independent variables specified in Table 2. Specification 2 defines
high-risk assets as directly held risky assets and allocated indirect holding in the medium-risk category. Specification 3 omits all life insurance
and retirement funds from the asset classification, whilst Specification 4 allocates bonds (with the exception of saving and government bonds)
to medium-risk assets. All regressions account for multiple imputation.

portfolios, such that we observe increases in the share of the low-risk asset class, which is counterbalanced by
falls in shares held in both the high-risk and medium-risk asset classes.

6.3. Robustness analysis

To explore the robustness of our findings it is informative to investigate how our results in Section 6.2 are affected
when alternative definitions for our dependent variables are used.’® As outlined above, the limitations of the
SCF data mean that classifying a household’s financial assets using information based on their mean-variance
characteristics is not possible. As a result, we present results consistent with a more general classification, which
entails allocating different asset types to high, medium or low-risk asset classes, and in some cases, omitting
certain asset types from our taxonomy.

Table 6 presents OF estimation results corresponding to a number of alternative dependent variable defi-
nitions, where we emphasise that the right hand side variables are identical to those used in Table 5. In Panel
A, Specification 1 reproduces the panel estimates for the borrowing constraint variables in Table 5 for compar-
ative purposes. Specification 2 in Panel B presents estimates in which high-risk assets are defined as directly
held stocks and shares, and all indirect risky asset holding is allocated to medium-risk assets. This includes, for
instance, stocks and shares held in retirement accounts. In Panel C, Specification 3 omits all retirement accounts
and life insurance policies from our definitions. This specification aims to remove a household’s retirement and
insurance choices from their ‘investment portfolio’ given that these type of financial products potentially serve
different purposes in the household’s investment decisions. Finally, Panel D presents the estimates for Specifi-
cation 4, in which we reallocate all bonds - except government and saving bonds - to the medium-risk asset
class.
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The estimates reported in Table 6 are generally consistent across the alternative dependent variable definitions
in terms of sign, size and statistical significance. Interestingly, our re-allocation of indirect stock holding — which
arises predominantly through the holding of retirement accounts - to the medium-risk asset category, appears to
have the largest influence on our reported estimates in terms of the proportions of both high-risk and medium-
risk assets held. For example, Constraint 5 in Specification 2 is associated with share reductions in holdings of
high and medium-risk assets — by 0.7% and 1.0%, respectively — as compared to 1.8% and 0.2% for Specification
1. The overall association with low-risk asset holding is however similar, with Constraint 5 being associated
with a 1.7% increase in the share of low-risk assets held. Overall, our additional results are consistent with our
main finding that borrowing constraints reduce the share of household wealth allocated to both high-risk and
medium-risk assets, which is offset by an increase in the proportion of low-risk assets. We have also highlighted
the potential importance of how the dependent variables are defined.

7. Conclusion

This paper has contributed to the household finance literature in a number of ways. To motivate our empirical
analysis, we have used insights from a mean-variance model of portfolio allocation structured around three
tradable assets that are differentiated by increasing rates of risk and return. Significantly, the assumption of three
tradable assets reflects the make-up of empirically observable SCF data according to which household financial
wealth is classified as being either low-risk, medium-risk, or high-risk. Under non-restrictive assumptions the
behaviour of the medium-risk asset in our mean-variance framework was found to be ambiguous. Simple model
simulations based on plausible realisations of the first and second moments of our tradable assets, coupled with
our subsequent econometric analysis enabled us to empirically resolve this ambiguity.

Most saliently, our empirical findings indicate that borrowing-constrained households, and further, house-
holds that are exposed to higher levels of background risk, are inclined to allocate their financial wealth towards
less risky asset categories. Here, we emphasise that borrowing constraints may have significant behavioural rami-
fications for the medium-risk asset class, and not just assets that are classified as being high-risk. This particular
finding may be important: our sample data suggests that in addition to there being a ‘stockholding puzzle’ -
which affects high-risk assets — US households also shun holding medium-risk assets, which our empirical prox-
ies for borrowing constraints appear to partially explain. Here, our econometric estimations found that a lack
of access to borrowing is not only negatively associated with stockholding, but, the holding of medium-risk
assets. This finding has important public policy implications, which are potentially more far-reaching for US
households than their propensity to shun holding stocks. For example, medium-risk assets include retirement
funds and life insurance polices. Non-participation in the markets for these financial products may substantially
increase the likelihood of being in poverty in old age, or increase the likelihood of family members suffering a
catastrophic financial shock - such as the inability to maintain mortgage payments - in the event of early death.
In this regard, public policies aimed at ensuring greater household access to borrowing and credit may be essen-
tial to increasing the uptake of some medium-risk financial products, which in turn may mitigate the financial
impacts of events such as retirement and death across the lifecycle of a household. In this sense, our contri-
bution suggests that further work directed towards accounting for the allocation of medium-risk assets in US
households should be considered expedient.

Notes

1. These authors also report that the number of Americans who cannot easily access loans may be twice as many as previously
estimated, when people who cannot easily qualify for loans because of blemishes in their credit histories are taken into account.

2. This is of course, notwithstanding the detrimental effect that the inability to borrow plays in exacerbating social inequalities,
and its implications for household consumption smoothing.

3. In this paper, our concept of background risk therefore corresponds to risk associated with the household wealth process,
and not so-called ‘systemic risk’, which is a type of background risk that is present in financial markets. Previous theoretical
and empirical research has indicated that the presence of background risk can have a significant impact on the allocation of
household portfolios.
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. See for instance (Carroll 2002; Hurd 2002). Our motivational theoretical model may have implications for other empirical

contributions where financial portfolios are treated as being comprised of low, medium, and high-risk assets. From an empir-
ical perspective, many asset management companies describe the portfolio structure of their investment products using this
taxonomy.

. In addition to using a standard set of controls, our subsequent econometric analysis therefore includes variables that proxy for

such risk when estimating the impact of borrowing constraints on a household’s financial portfolio allocation.

. As argued below, the exogenous and directly uninsurable nature of background risk amounts to the assumption of incomplete

markets. The presence of such risk can lead a decision-maker to ‘reduce exposure to another risk even if the two risks are statis-
tically independent’ (Kimball 1992), a concept described as ‘temperance’ (Kimball 1991). For related theoretical contributions
see Pratt and Zeckhauser (1987), Kimball (1991), Gollier and Pratt (1996), and Heaton and Lucas (2000)

. Canner, Mankiw, and Weil (1997) explore portfolio allocation among cash, bonds, and stocks, with a view to reconciling the

household stockholding puzzle in light of the financial advice received by households.

. We choose to use a Markowitz mean-variance framework due to its relative simplicity and tractability. In this regard, our

model provides a useful starting point for motivating our subsequent empirical analysis. Nevertheless, since the publication
of Markowitz (1952)-which uses variance as a measure of risk-more sophisticated techniques to inform portfolio selection
have been developed. Although these techniques go beyond the scope of our contribution, they include conditional value at
risk (Rockafellar and Uryasev 2000) and distortion risk measures (Wang 2000). We thank an anonymous referee for raising this
issue.

. Although ‘safe’ instruments such as government bonds may be riskless in nominal terms, inflation means that their return may

be uncertain in real terms.

Eichner and Wagener (2012) consider the case of two tradable assets whose weights sum to unity. We extend this approach to
the case of three tradable assets, which is uncommon in the literature. Unlike our contribution, Eichner and Wagener (2012) do
not consider the impact of short-sale constraints on the tradable assets, which in the context of our contribution, are important
model features.

Whilst this admits a natural, albeit simplistic, interpretation as a borrowing constraint, Kaplow (1994, 1505) notes that: ‘Indi-
viduals’ ability to borrow against human capital is limited, but some such borrowing occurs’. For instance, residential mortgages
are based in part on predictions of future earnings; further, in the United States, the largest student loans are available to law
and medical school students, due to the high and stable expected future income stream associated with jobs in the legal and
medical professions.

Restricting the portfolio selection by only having positive weights of the assets limits the amounts of possible portfolios and
introduces complexity that cannot be handled by closed-form mathematics, and requires computation of the corresponding
Kuhn-Tucker conditions.

In the context of Italian households, Jappelli, Julliard, and Pagano (2010) also suggest that whereas institutional investors are able
to borrow at low-risk to invest in high-risk assets with a greater expected return, households cannot act the same way, for exam-
ple by funding stock market investments through borrowing from financial intermediaries such as banks. Using household data,
the authors show that explicitly considering the no short-selling constraint helps significantly in reconciling individual portfolio
choices with the efficient ones implied by portfolio theory (Markowitz 1952). Borrowing constraints which prevent households
from short-selling are also explored in Bucciol, Miniaci, and Pastorello (2017), who also develop a model of household portfolio
choice with borrowing restrictions in a mean-variance expected utility maximisation framework.

Under a Markowitz mean-variance approach, the presence of zero correlations between the tradable assets does not preclude
a portfolio from benefitting from diversification. However, if assets are perfectly positively correlated, no benefit from diver-
sification arises. In assuming zero correlations, households can be perceived as selecting uncorrelated tradable assets to help
diversify risk.

In setting out our motivational theoretical framework, we are able to demonstrate that even in a relatively parsimonious model
without correlated tradable assets, the impact of background risk on asset allocation is subject to some ambiguity. In our model,
households exploit the information contained in background risk covariance structures, which has implications for portfolio
diversification and risk reduction. We stress here that including correlations between the tradable assets introduces additional
complexity to our findings as the predictions of the model become considerably more difficult to disentangle. Additional numer-
ical experiments not presented here suggest that allowing for such correlations does not help to resolve the ambiguity described
above. This leads us to suggest that an empirical approach such as that used in Section 5 can be usefully exploited to resolve
such ambiguity.

Jiang, Ma, and An (2010) also explore the impact of background risk on the efficient frontier, and similarly find that an increase
in background risk will shift the frontier to the right. Unlike our contribution, however, these authors do not focus on the
implications of shifts in the frontier on household welfare or the optimal composition of a household’s portfolio given mean-
variance preferences.

As is standard in financial portfolio theory our interest is with the part of the efficient frontier in the jyw-vw space such that
Wiy = ,u,gw, where ;,L%V denotes the value of 11y at the global minimum portfolio and pj, is a value of juw on the efficient
fronter, as captured by expression (A6) in Appendix 1. A discussion of 18, is provided in Appendix 3. An important corollary
of the results in expressions (4) and (5) is that whilst in an unconstrained setting, increasing risk aversion is associated with
a decrease (increase) in the share of assets in the high-risk (low-risk) category, for the medium-risk asset share gy, the effect
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will also be a function of the ratio of v;, and vy, and its relationship to the expected returns of the three tradable assets. Under
certain conditions, risk-loving households may hold a smaller share of their wealth in medium-risk assets relative to risk-averse
households.

Although our empirical examples are highly stylised and tied to an explicit formal model, similarities in the profiles of the
efficient frontiers for US and Italian households can be observed. See Figure 2 in Jappelli, Julliard, and Pagano (2010), and the
associated discussion.

In practice, prohibitively high overdraft charges may act as an impediment to sustaining a negative balance for a considerable
period of time.

We stress here that in the presence of a short-sale constraint, the non-binding return-risk space available to households sat-
isfying g7 > 0, q3; = 0, and gj; > 0 may be limited, even when background risk is independent of the tradable assets. Under
independent background risk, neither the optimal asset allocations associated with different points on the efficient frontier nor
the regions of the non-binding risk-return space are functions of background risk.

Interest rates in US checking and savings accounts are closely tied to the fed funds rate, which is set by the Federal Open Market
Committee (FOMC).

Our choice of mean-variance utility is commonplace in standard financial economics texts (Bailey 2005), and is appealing
due to its analytical tractability. In our empirical analysis, we use measures of risk attitudes to capture a household’s attitude
towards risk. We stress here that these measures only proxy for risk preferences, and may not be tightly linked to the shape of a
household’s utility function.

Preference functions for which households are decreasingly absolute risk averse (DARA) do not lead to tractable results, and
require solving by linear quadratic programming techniques. The expected log utility function given by E(U(W)) = In uw —
v/ 2#%«/, where W denotes wealth, would fall into this class of function (see Pulley 1993, Eqn (2), 686 and the corresponding
discussion for further details).

The extent to which a change in o impacts on the value of u}, at the point of tangency is provided in Appendix 4, as is the
corresponding impact of a change in risk-aversion y. The Kuhn-Tucker conditions for our model are set out in Appendix 5.
This effect arises irrespective of the nature of correlation between background risk and the tradable assets.

Although not shown in Figure 1, the constraint becomes binding at approximately y = 0.0761. Under background risk, the
constraint becomes binding at approximately y = 0.0688.

Under independent background risk an increase in op will, ceteris paribus, reduce household welfare. The composition of the
household’s optimal portfolio will be identical to the no background risk case.

Given the high rate of non-response associated with micro-data relating to wealth information, the SCF provides five imputa-
tions which give a distribution of outcomes. These multiple imputations increase the efficiency of the estimation, whilst also
providing uncertainty surrounding the imputed values. Our summary statistics are based on taking the average of the corre-
sponding five implicates for each cross-section. However, the econometric estimates are based on implementing the repeated
imputation inference (RII) method, as described by Little and Rubin (1987), Rubin (1987) and Montalto and Sung (1996). The
RII uses the average of the coeflicients across the five imputations and adjusts the corresponding standard errors accordingly.
These measures are similar to those used by Fulford (2015). However, we allow a differential impact of being above or below a
household’s normal income by entering positive and negative values as separate variables.

The question changed the time period from 5 years to 12 months in the 2016 and 2019 waves of the survey. If we restrict our
analysis to the consistent questions (i.e. between 1995 and 2013) we find no differences in the results.

We also use Tobit analysis (Tobin 1958) to model high-risk asset shares in line with the existing literature. The coefficients and
associated marginal effects are discussed in Appendix 6. Generally these results are in line with those for the FRM approach.
In our dataset, this assumption is also reflected in the values of US households’ observable asset shares.

It would be possible to model the effects of drivers on each of the sjj shares as a linear system, such that s;; = xg Bj + uij, where x;
is a matrix of (household) covariates and u;; is a random error. This would effectively be an extension of the linear probability
model, the shortcomings of which are well-known (Gujarati 1995). Indeed, such an approach would not be ideal: it would not
guarantee that 0 < E(s;j|x;) = x;f; < 1; would have repercussions on ensuring the adding-up constraint that Zj = E(sjjlx;) =
1; it would also be unable to handle boundary observations of 0 or 1 shares; and would likely embody heteroskedasticity in u;;.
We have also explored the use of a multi-nominal fractional response model, see for example, Becker (2014). In this setting, the
inherent risk ordering of asset classes is not accounted for in the estimation strategy, instead the multi-nominal probit model is
used as the foundation of the estimation strategy. We obtain similar results to those presented when we adopt this alternative
modelling strategy.

We have also explored the robustness of our results subject to the inclusion of a dummy variable that captures if an individual
falls in the bottom 25% of the income distribution. We find that the results corresponding to the borrowing constraint variables
remain consistent with those presented in the paper, in terms of both the signs and statistical significance of the estimated
parameters. This suggests that our borrowing constraint variables are not merely capturing non-linear income effects.

We thank an anonymous referee for making this suggestion, and further, for proposing a number of alternative asset
classifications which are used in our estimations.

Deriving (A1) requires solving a two equation system with three unknowns. As there are an infinite number of solutions it is
necessary to pin down the value of the scalar I". It is also possible to specify gy =1 —a — (1 + B)['in(Al)as1 —T —qj.
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37. Alternatively, we can express (A10) as vr(urp — wH) (M — H) — vr(Upm — /.LH)2 % v (ur — uar)?. Once a household’s
optimal portfolio allocation is bound by the no short-sale constraint, this condition will not hold.

38. In our simple static model, borrowing restrictions assume the form of short-selling constraints. However, in a dynamic setting,
Dybvig and Huang (1988) note that imposing a non-negativity constraint (or in fact any negative lower bound) on wealth is a
plausible economic assumption, and admits a natural interpretation as a credit constraint. Another way is to prevent borrowing
from future income. There are many institutional restrictions on the amount of credit an individual can obtain.

39. The impact on the efficient frontier when tradable assets are correlated is well explored in the literature. We therefore refrain
from focusing on this area.
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Appendices
Appendix 1. Deriving explicit expressions for the tradable asset shares

Using expression (2) subject to the constraint that q;, + gy + qu = 1, Gauss—Jordan elimination can be applied to demonstrate that
the tradable asset shares are given by

qL = o+ Bl
gu=1—a—1+pTI; and
qu =T, (A1)

where
Uw — AdB — fiM I
a=————//— and B= >
K“L — UM KL — UM
and T is a scalar that varies over the real line.® Using the solutions for gz, gy, and gy derived in expression (A1) entails that
expression (3) can instead be expressed as

(A2)

(@ + B0 v+ (1 —a — (1+ B vy + Moy + Aup
+2(a+BT) (1 —a— 1+ B)T) prmorom
+2(x+ BT) T'prgorog +2(1 —a — (1 + B)I') 'oypomoy
+2 (o + BT) Aprgorop +2 (1 —a — (1 + B)T) Apmpomop + 2T Apaponos

(A3)
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Now suppose the household is assumed to specify jy; by the efficient set theorem it sets out to minimise the variance of wealth,
vw. Differentiating expression (A3) with respect to I' and solving for I" constitutes a first step in deriving asset share allocations
consistent with portfolio variance minimisation. This yields

(I —a)(1+ Buy —aByr
+ (o — B +20B) prmoLom — aprgorLoy — (1 — @) PMHOMOH

. =X (Bpreorop — (1 + B) pMBOMOB + PHBOHOB) (A4)
{ B*ur + (1 + B)*um + v — 28(1 + B)pLmoroum } .

+2Bpruoroy — 2(1 + B)pMHOMOH

The variance minimising shares, g7, g3, and gj;, are given by

qp = o+ pr"
qu=1—a—1+pr* and

The efficient frontier, vy, is thus given by

qrvL + qijvm + qifve + 2up
viy = | +245 93 Cov(L, M) + 24 q;;Cov(L, H) + 2q3,95;Cov(M, H) | . (A6)
+2471Cov(L, B) + 2q3;ACov(M, B) + 2q5;1Cov(H, B)

Here, it is useful to note that the solution in expression (A4) is equivalent to I'* = C” /D" such that

um {(uL — pw + Aup) (kL — pm)}
—vL (bw — Aup — um) (UM — (~H)
MLUH + UMKH — 2ZULUM
i+(/tw — ) (i + g — 2ug) | PEMOLOM
—(uw — A — um)(UL — M) PLHOLOH
—(ur +Apup — pw) (UL — M) PMHOMOH
_a { (p — ) (UL — AM)PLBOLOB
—pmBoMOB(UL — H) (UL — M) + PHBOHOB

CcP = (A7)

and

v (M — pi)* + om(pr — p)? + va(ur — mn)?
o _ —2(ur — py) (UM — KH) PLMOLOM
D= . (A8)
+2 (um — ) (UL — UM) PLHOLOH
=2(purL — mH) (UL — M) PMHOMOH

Now, for simplicity, assume that the tradable assets are not correlated with each other, and that background wealth B is correlated with
all of the tradable assets L, M and H. Using the results in expressions (A2), (A4) and (A5)-(A8), it is straightforward to demonstrate
that

* a % a %
L g M =g M (49)
opw onw = opw
such that
P * _ 2
M= 2 (s = o) - (A10)
duw v = [(ur — pr) (v — pr) — (s — pr)?|

It is also straightforward to verify that the condition in expression (A10) also holds in the presence of independent background risk
when the tradable assets are not correlated with each other. Further, inspection of expressions (A2), (A4), (A5)-(A8) indicates that
independent background risk will not influence asset allocations along the efficient frontier.?”

As is noted below in Appendix 2, the presence of op in the numerator of I'* implies that the domain of the non-binding risk-
return space will also be a function of background risk when it is correlated with the model’s tradable assets. Moreover, from
expression (A4) it is evident that in the presence of correlated background risk, when the short-sale constraint is not binding, a
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Table A1. The impact of background risk on optimal asset allocations
when B is positively correlated with L, M, and H.

Tradable asset correlation

+ + +
Pig Pymp ]

dqg;

o ‘ * ‘
q

ng + - +
q

dos - + -

change in o will impact on the three individual asset shares on the efficient frontier. Specifically, we have that:

(um — pE) (UL — 1M)PLBOL
dgf (UM — 1H) —pmBom(uL — wH)(UL — UM) + PHBOH
— = . 5 > =5 (A11)
dop (e —pm)  vp (um — pr)” + vm(ur — pp)? + v (L — wm)
(uym — p) (UL — M) PLBOL
dgy,  (ur —pn) —pmpom (L — pH) (UL — UM) + PHBOH
M . e > X (A12)
dop  (ur—pm) v (uy — p)® + vm(up — pe)? + ve (e — py)
(p — ) (UL — M) PLBOL
dq}; —pmeom(mr — pu) (UL — M) + PHBOH
Y _ _ e > > (A13)
dog vr (ym — pr)” + om(r — ug)* + v (UL — iy

where dq; /dop + dgy,/dop + dqj;/dop = 0.

The impact of background risk of a change in asset shares in expressions (A11)-(A13), is summarised in Table A1, for which
we assume that background risk is positively correlated with all respective tradable assets. We denote this restriction using the
notation p'y, o5z and pis. For each row, the positive and negative signs capture the direction of the background risk effect on the
derivative dg} /dop, i = L, M, B of the p;g, i = L, M, B. For instance, the impact of erB is to reduce the share of low-risk assets in
the household’s portfolio, whereas the impact of pjzz and p7p is to increase and reduce the share, respectively. The overall effect
on the low-risk asset share dgqj /dop is therefore ambiguous, and determined by the values of 1;,0i, i = L, M, B. The presence of
negative correlation between B and L, M, and H will be associated with a reversal of the signs in Table Al.

Appendix 2. Conditions under which the non-negativity of g;, gy, and q;, are satisfied when
the short-sale constraint is non-binding

It is possible to use the results in expression (A5) in Appendix 1 to determine the conditions under which g > 0, g}, > 0, and
qu > Oarejointly satisfied when the short-sale constraint is 7ot binding. From (A5), imposing gj; > 01is equivalent to the constraint
that '™ > 0. For g > 0 we note that + I'* > 0 can equivalently be written as I'* > —%. Imposing g3, > 0 implies that 1 — o —

(14 B)I'* > 0, or equivalently, I'* < 8;‘;; . Together, these results imply that g7, g}, and g; will be positive — that is, the short-sale

constraint will not be binding — when I'* lies in the interval

_g<[‘*<(1_a)

< < where I'* > 0. (A14)
B 1+8)

Drawing on the fact that « = W and g = M= in Appendix 1, means that the condition in expression (A14) can be

re—expressed in terms of the expected returns, viz.,

UM+ AU — 1w < < UL+ AU — dw

< < where '* > 0. (A15)
WH — M KL — H

Condition (A15) suggests that in the presence of a short-sale constraint, the unconstrained space of returns and risks available to

households satisfying g7 > 0, g3, > 0, and gj; > 0 may be limited. As shown in Figure 1 of Section 3, this may lead to the no-

short-sale constraint becoming binding for households with low-risk tolerance.>® Moreover, expression (A7) of Appendix 1 implies

that for the fully correlated model, the domain of the non-binding risk-return space governed by condition (A15) will also be a

function of background risk due to the presence of o5 in I'*. il
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Appendix 3. The global minimum portfolio and the optimal household portfolio with
mean-variance preferences

A.1 Zero-correlation between assets

The point of tangency between the household’s mean-variance utility function and the efficient frontier in the risk-return space is
obtained by differentiating the efficient frontier vy, in expression (A6) with respect to 7, setting the resulting expression equal to
1/y and solving for 17,. The absence of correlation requires setting all of the covariance terms in expression (3) to zero prior to the
model being differentiated. Given the mean-variance preferences of the household captured by expression (6), namely G(uw, vw) =
1w — ¥y uw, the point of tangency between a household’s indifference curve will be given by the solution to the equation

(5 s+ ot i) 2aies + (ol + 500 ) 24k | _ 1 (A16)
ot g 24 n 7
and will satisfy the constraint
viy = 4vs + aifum + gii e + g, (A17)

Solving (A16) for i3, yields

((A— (um — uH) B) (AC+ (um — wm) D)) vr
+ ((uL — ) B— A) (AE — (up — pr) D) vy — (ur — puar)* BDug
_ (Aur—pm)?
lttxf\'/" =- 2 ~ 2 2 (A18)
[(A = (um — pr) B vs + (ur — pr) B — A)? vm + (ur — um)* BPug]

where ;,Lt;‘\,“ denotes the value of 1w on the frontier at the point of tangency with expression (6), such that terms A to E are defined

as:

A= v (up — w)® + vm(ur — ww)* + va(pr — )’ (A19)
B=wvy (uL — pun) +vr (UM — pwH) (A20)
C=—Aup — ums (A21)
_ ( om{ur + App) (L — pe)} |
= (+uL (s + ) (i — ;m)) ; (422)

and

E=pup+ Aup. (A23)

The value of vy at the point of tangency, which we denote U%n( th‘f;‘,“), can be obtained by substituting Equation (A18) into expres-

sion (3). The global minimum portfolio is obtained by differentiating the efficient frontier vy, in expression (A6) with respect to
Wiy setting the resulting expression to zero, and solving for uj,,. This yields a solution as in expression (A18), albeit without the
(A(utr — uar))?/2y term in the numerator. Finally, from expressions (A18 )-(A23) it is evident that under independent background

risk ut‘j‘,“ will be unaffected by change in vp: vp (and by implication ,/Ug = op) is absent from (A18).
A.2 Correlated background risk

Now consider the restricted case of the correlated model where background risk is correlated with each of the tradable assets, but
the tradable assets are not correlated with each other,> so that the equation for the efficient frontier is given by

Uiy = qup + qiFum + giom 4 A2up + 24 ApLpoLoB + 245 AOMBOMOB + 2G5 AOHBOHOE. (A24)

Assuming mean-variance preferences as in expression (6), the point of tangency with the portfolio frontier is given by solving for
13y the expression

dq; O dq; or* gy O dqy or* dqy or*
(% dwh, | oT* oy 2qru+ {5, ouy, | ar* oy 24hvm + aw;vquUH
9q; o dq; or*
da dujy,  AT* dujy,

gy O dqy or*
da ouyy,  OT* duyy,

) 2APLBOLOB

dqy, or*
or* ouyy,

1
) 21.pMBOMOB + 2)PHBOHOB = v (A25)
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Although somewhat cumbersome, this yields

((A — (um — pur) B) (AC + (um — pnp) D)) vr
+ ((ur — ) B— A) (AE — (i — o) D) unt — (e — pm)* BDuy
+ (UL — M) A(A — (uym — i) B) AoLgoLos
+ (L — pum) AL — uH) B— A))LPMBO'M(ZTB
— (11 — pan)? BAApppopop — AL
tan __ _ Y
Ry = 2 2 ) (A26)
[(A = (um — pe) B> vp + ((ur — m) B— A)? vy + (ur — a)* Bug |

where 13" denotes the value of /1 on the frontier at the point of tangency in the risk-return space. Here, we note that the value of

iy at the global minimum variance can be obtained by omitting the term (A(ug — far))?/2y which appears in the numerator of
tan

expression (A26). Significantly, expression (A26) implies that i will be partially determined by the presence of background risk,
op, when it is correlated with the tradable asset shares.

Appendix 4. The impact of background risk and risk preferences on /L},ﬁ“

In the correlated model, the additional presence in expression (A26) of terms containing o3, namely

(L — pum) A (A — (um — ) B) ApLpoLos, (A27)
(ur — um) A((nr — pE) B — A)Apppomos, (A28)

and
2 (ur — m)? BArpuponos, (A29)

implies that the presence of background risk will affect the point of tangency, u'y". In particular, the sign and magnitude of the

correlation coeflicients pr g, pmB, and pyp are central to determining how background risk, which appears as ,/ug = op, affects the

point of tangency with household preferences. Consider the impact of correlation between background wealth B and the high-risk

tradable asset H, whilst assuming prg = ppp = 0. For an increase in o, a negative (positive) value of pyp, will lead to a fall (rise)
tan

in the value of 13", which using expression (A29) in (A26) is captured by
wy 2 (u1 — pan)® BAhprpon (A30)
dop  [(A— (um — pn) B> vp + (L — ) B — A vy + (ur — pan)® BPog |

Inspection of expression (A26) also indicates that a change in v will lead to a change in the value of jty corresponding to the
global minimum variance, u$,. This is unlike the case under independent background risk, in which the global minimum variance
is unaffected by such a change.

For any given expected return in the upward sloping region of the frontier space where %" > ,u%,\,, the impact on p%3" of a
change in risk aversion y > 0 will be given by

W _ (A — pa)? (A31)
dy Zyz[ (A = (um — 1tr) B vs ]
+ ((ur — ) B— A vy + (ur — pu)? Bron

Expression (A31) says that an increase (decrease) in risk aversion y will be associated with a decrease (increase) in the value of
(1w at the new tangency point. Based on the results implied by the expressions for dq; /duw,i = L, M, H in (4), the associated
increase in 17, will be associated with a fall (rise) in the proportion of high-risk assets held by the household, and a rise (fall) in the
proportion of low-risk assets held at the new point of tangency. However, the impact on g}, will be ambiguous. We emphasise here
that the change in p{3" implied by expression (A31) is realised irrespective of whether background risk is assumed to be correlated

with, or independent of, the tradable assets.

Appendix 5. Short-selling restrictions and Kuhn-Tucker conditions

In the presence of short-selling restrictions, Kuhn-Tucker conditions are used so that the (inequality constrained) minimum variance
portfolio can be determined. For our minimisation problem, we closely follow Chiang (1984, pp.722-728) by first converting the
problem into a maximization one by multiplying the objective function, vy, by —1. For the fully correlated model in Appendix 1
we wish to calculate

(@+BD)Vup+ (0 —a— 1+ B2 vy + Moy + 2 2up
2@+ BT (A —a— 1+ BT) prmorom
max [-uw]l=—1 +2(¢+BT)Tprgoron +2(1 —a — (1 + B)T') Foypomon (A32)
+2 (e + BT) ApLporog +2(1 —a — (1 + B)I') Apmpomos
+2T'A\pHponos
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whilst ensuring the non-negativity of our assets shares, namely
qL>0; qm>0; gy >0. (A33)

Using the results in (A1), it is useful to restate the inequalities in (A33) as

M) =a+T>0
g'(m) —l—a—(1+/3)FzO; (A34)
>0
Forming the Lagrangian gives
L=-vw+¢o(@+TB+s)+d1(1—a—1+HT +51) (A35)
which we wish to evaluate subject to
—¢dM+s5=0, i=01 (A36)
and the following non-negativity constraints
I, sp,s1 > 0. (A37)
Setting up the Lagrangian, L, thus yields
1 s
L=-vw+) (#g"M) —s) i=0,1 (A38)

i=0

AsT, s and s; must be non-negative, the first order conditions on our variable set implies that for a maximum, the following set of
conditions must hold,

oL oL

— <0 I'>0 and I'—==0

or — ol

oL oL

— <0 >0 and s;— =0 (A39)
ds; ds;

oL .

—_— = i=0,1

99i

From expressions (A38) and (A39), it follows that if g—g: = —¢;, then —¢; < 0,s5; > 0 and —¢;s; = 0, or alternatively,
¢;i>0; s;>0; and ¢;s;=0. (A40)

However, it follows from the final line of (A39), which restates the modified constraints in (A36), that s; = g*(I"). If this expression
is substituted into (A40), the latter two lines of (A39) can be combined to yield

g =0 ¢ >0 and ¢ (g"(I)) =0. (A41)

Accordingly, the first order conditions in (A39) can now be restated in an equivalent form where the dummy variables are not

. Aot
present. Employing g1 to denote gir the Kuhn-Tucker conditions for our maximisation problem can be expressed as

L I[-vw] JL
—_— = ig- <0 I'>0 d '— =0
ar ar +1§¢’gr = =0 M Tor

g >0 ¢;>0 and g =0, i=0,1 (A42)
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Appendix 6. Univariate results: coefficients and marginal effects

Table A2. Tobit model: high-risk asset share — coefficients.

Specification

1 2 3 4 5
Age 0.0107*** 0.0100*** 0.0100*** 0.0100*** 0.0107%**
(0.0012) (0.0012) (0.0012) (0.0012) (0.0012)
Age Squared —0.0091*** —0.0090*** —0.0090*** £{i£§0.0091%** —0.0091%**
(0.0012) (0.0012) (0.0012) (0.0012) (0.0012)
Male 0.0126 0.0137 0.0131 0.0133 0.0126
(0.0097) (0.0097) (0.0097) (0.0097) (0.0097)
White 0.0896™** 0.0907*** 0.09127%** 0.0895*** 0.0900***
(0.0074) (0.0074) (0.0074) (0.0075) (0.0074)
Education:
High School 0.1265*** 0.1270*** 0.1267*** 0.1267*** 0.1263%***
(0.0142) (0.0143) (0.0143) (0.0143) (0.0143)
College Degree 0.2303*** 0.2310*** 0.2314%** 0.2298*** 0.2303***
(0.0137) (0.0138) (0.0137) (0.0138) (0.0137)
Married —0.0001 0.0001 0.0005 —0.0001 0.0004
(0.0098) (0.0098) (0.0098) (0.0098) (0.0098)
Child —0.0245%** —0.0245%** —0.0249*** —0.0242%** —0.0246™**
(0.0061) (0.0061) (0.0061) (0.0061) (0.0061)
Employment:
Employed 0.1307*** 0.1317%** 0.1304*** 0.1305*** 0.1298***
(0.0121) (0.0121) (0.0121) (0.0121) (0.0121)
Self-Employed 0.0252* 0.0262* 0.0256* 0.0257* 0.0251*
(0.0142) (0.0142) (0.0142) (0.0142) (0.0142)
Retired 0.0800*** 0.0810*** 0.0806*** 0.0800*** 0.0797**
(0.0152) (0.0152) (0.0152) (0.0152) (0.0152)
Economic Exp. 0.0124*** 0.0122%** 0.0127%** 0.0122%** 0.0127%**
(0.0036) (0.0036) (0.0036) (0.0036) (0.0036)
Saving Horizon 0.0164*** 0.0163*** 0.0165*** 0.0161*** 0.0163***
(0.0023) (0.0023) (0.0023) (0.0023) (0.0023)
Risk Attitudes 0.1127*** 0.1122%** 0.1119%** 0.1123%** 0.1120%**
(0.0034) (0.0034) (0.0034) (0.0034) (0.0034)
Total Income 0.0609*** 0.0607*** 0.0608*** 0.0605*** 0.0606™**
(0.0026) (0.0026) (0.0026) (0.0026) (0.0026)
Net Worth 0.0080*** 0.0080*** 0.0081*** 0.0079*** 0.0080%**
(0.0004) (0.0004) (0.0004) (0.0004) (0.0004)
Home owner 0.0795*** 0.0804*** 0.0805*** 0.0793*** 0.0795%**
(0.0067) (0.0067) (0.0067) (0.0068) (0.0067)
Background Risks:
Business Own. —0.0036 —0.0034 —0.0036 —0.0034 —0.0037
(0.0079) (0.0079) (0.0079) (0.0079) (0.0079)
Multi Earners 0.0289*** 0.0290*** 0.0297%*** 0.0288*** 0.0289***
(0.0068) (0.0068) (0.0068) (0.0068) (0.0068)
Major Fin. Exp. 0.0328*** 0.0327*** 0.0327*** 0.0330*** 0.0324%*
(0.0056) (0.0056) (0.0056) (0.0056) (0.0056)
No Health insur. —0.1215%** —0.1223%** —0.1222%** —0.1209*** —0.1208™**
(0.0109) (0.0109) (0.0109) (0.0110) (0.0110)
Inheritance 0.0277*** 0.0279*** 0.0277*** 0.0279*** 0.0277**
(0.0069) (0.0069) (0.0069) (0.0069) (0.0069)
Know Income 0.0299*** 0.0297*** 0.0298*** 0.0294*** 0.0295%**
(0.0059) (0.0059) (0.0059) (0.0059) (0.0059)
Income Above Norm. —0.0000 0.0000 —0.0000 0.0000 —0.0000
(0.0007) (0.0007) (0.0007) (0.0007) (0.0007)
Income Below Norm. 0.0001 0.0001 0.0001 0.0000 0.0000
(0.0007) (0.0007) (0.0007) (0.0007) (0.0007)

(continued)
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Table A2. Continued.

Specification

1 2 3 4 5

Borrowing Constraints:
Constraint 1 —0.0426™**

(0.0087)
Constraint 2 —0.0315%**

(0.0072)
Constraint 3 —0.0346™**
(0.0083)
Constraint 4 —0.0369***
(0.0074)
Constraint 5 —0.03971%**
(0.0075)

Constant —1.4852%** —1.4808*** —1.48771%** —1.4713% —1.4792%**

(0.0413) (0.0418) (0.0412) (0.0421) (0.0414)
Year Fixed Effects Yes Yes Yes Yes Yes
Observations 27,433 27,433 27,433 27,433 27,433

Notes: Dependent variable is the proportion of high-risk assets. Tobit regression coefficients. Standard errors in parentheses. *denotes significance
at the 10% level, ** denotes significance at the 5% level and *** denotes significance at the 1% level.

Table A3. Tobit model: High-risk asset share — Marginal effects.

Specification

1 2 3 4 5
Age 0.0069*** 0.0068*** 0.0068*** 0.0068™** 0.0069***
(0.0008) (0.0008) (0.0008) (0.0008) (0.0008)
Age Squared —0.00627*** —0.00627*** —0.00627*** —0.0062*** —0.0062***
(0.0008) (0.0008) (0.0008) (0.0008) (0.0008)
Male 0.0086 0.0094 0.0090 0.0091 0.0086
(0.0066) (0.0067) (0.0067) (0.0066) (0.0066)
White 0.0613*** 0.0620*** 0.0623*** 0.0612*** 0.0616***
(0.0051) (0.0051) (0.0051) (0.0051) (0.0051)
Education:
High School 0.0865*** 0.0869*** 0.0866** 0.0866** 0.0864***
(0.0097) (0.0098) (0.0097) (0.0098) (0.0098)
College Degree 0.1575%** 0.1579*** 0.1582%** 0.15771%** 0.1574***
(0.0094) (0.0094) (0.0094) (0.0094) (0.0094)
Married —0.0001 0.0001 0.0004 —0.0001 0.0003
(0.0067) (0.0067) (0.0067) (0.0067) (0.0067)
Child —0.0167*** —0.0168™** —0.0170*** —0.0165*** —0.0168™**
(0.0042) (0.0042) (0.0041) (0.0042) (0.0042)
Employment:
Employed 0.0890*** 0.0896™** 0.08927*** 0.08927*** 0.0887***
(0.0082) (0.0082) (0.0082) (0.0082) (0.0082)
Self-Employed 0.0172* 0.0179* 0.0175* 0.0176* 0.0171*
(0.0097) (0.0097) (0.0097) (0.0097) (0.0097)
Retired 0.0547*** 0.0554*** 0.05571*** 0.0547*** 0.0545%**
(0.0104) (0.0104) (0.0104) (0.0104) (0.0104)
Economic Exp. 0.0085%** 0.0083*** 0.0083*** 0.0083*** 0.0083***
(0.0025) (0.0025) (0.0025) (0.0025) (0.0025)
Saving Horizon 0.0112%** 0.0112%** 0.0113*** 0.0110%** 0.011 7%
(0.0016) (0.0016) (0.0016) (0.0016) (0.0016)
Risk Attitudes 0.0767*** 0.0767*** 0.0765*** 0.0768*** 0.0766***
(0.0023) (0.0023) (0.0023) (0.0023) (0.0023)
Total Income 0.0416™** 0.0415%** 0.0416™** 0.0413%** 0.0415%**
(0.0018) (0.0018) (0.0018) (0.0018) (0.0018)
Net Worth 0.0055*** 0.0054** 0.0055** 0.0054*** 0.0055***
(0.0003) (0.0003) (0.0003) (0.0003) (0.0003)
Home owner 0.0544*** 0.0550*** 0.05571*** 0.0542%** 0.0544***
(0.0046) (0.0046) (0.0046) (0.0046) (0.0046)

(continued)
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Table A3. Continued.

Specification

1 2 3 4 5
Background Risks:
Business Own. —0.0025 —0.0023 —0.0025 —0.0023 —0.0025
(0.0054) (0.0054) (0.0054) (0.0054) (0.0054)
Multi Earners 0.0197*** 0.0198*** 0.0199*** 0.0197*** 0.0198%**
(0.0046) (0.0046) (0.0046) (0.0046) (0.0046)
Major Fin. Exp. 0.0224*** 0.0223*** 0.0220*** 0.0226*** 0.0222%*
(0.0038) (0.0038) (0.0038) (0.0038) (0.0038)
No Health insur. —0.08371*** —0.0836™** —0.0835** —0.0827*** —0.0826™**
(0.0075) (0.0075) (0.0075) (0.0075) (0.0075)
Inheritance 0.0189*** 0.01971*** 0.0190*** 0.01971*** 0.0189***
(0.0047) (0.0047) (0.0047) (0.0047) (0.0047)
Know Income 0.0204*** 0.0203*** 0.0204*** 0.0207%*** 0.0207%**
(0.0040) (0.0040) (0.0040) (0.0040) (0.0040)
Income Above Norm. —0.0000 0.0000 —0.0000 0.0000 —0.0000
(0.0005) (0.0005) (0.0005) (0.0005) (0.0005)
Income Below Norm. 0.0000 0.0001 0.0001 0.0000 0.0000
(0.0005) (0.0004) (0.0005) (0.0004) (0.0005)
Borrowing Constraints:
Constraint 1 —0.0297%**
(0.0060)
Constraint 2 —0.0216***
(0.0049)
Constraint 3 —0.0237%**
(0.0057)
Constraint 4 —0.0252%**
(0.0050)
Constraint 5 —0.0267***
(0.0052)
Year Fixed Effects Yes Yes Yes Yes Yes
Observations 27,433 27,433 27,433 27,433 27,433

Notes: Dependent variable is the proportion of high-risk assets. Tobit regression marginal effects. Standard errors in parentheses. *denotes
significance at the 10% level, ** denotes significance at the 5% level and *** denotes significance at the 1% level.

Table A4. Fractional probit model - coefficients.

Specification

1 2 3 4 5
Age 0.0200*** 0.0197*** 0.0198*** 0.0198*** 0.0198™**
(0.0029) (0.0029) (0.0029) (0.0029) (0.0029)
Age Squared —0.0175%** —0.0173%** —0.0173%** —0.0173%** —0.0174***
(0.0029) (0.0029) (0.0029) (0.0029) (0.0029)
Male 0.0441* 0.0460** 0.0451** 0.0454** 0.0443*
(0.0229) (0.0229) (0.0229) (0.0228) (0.0228)
White 0.1774*** 0.1798*** 0.1812%** 0.1776*** 0.1793***
(0.0173) (0.0175) (0.0174) (0.0175) (0.0174)
Education:
High School 0.2197%** 0.2202%** 0.2198*** 0.2195%** 0.2197%**
(0.0352) (0.0352) (0.0352) (0.0353) (0.0352)
College Degree 0.4207*** 0.4225%** 0.4237*** 0.4204*** 0.4217%*
(0.0340) (0.0342) (0.0341) (0.0343) (0.0341)

(continued)
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Table A4. Continued.

Specification

1 2 3 4 5
Married —0.0250 —0.0246 —0.0237 —0.0251 —0.0240
(0.0224) (0.0224) (0.0224) (0.0224) (0.0224)
Child —0.0389*** —0.0392%** —0.0399*** —0.0385** —0.0394**
(0.0138) (0.0139) (0.0138) (0.0140) (0.0139)
Employment:
Employed 0.2287*** 0.2304*** 0.2297*** 0.2295%** 0.2285%**
(0.0292) (0.0292) (0.0292) (0.0292) (0.0292)
Self-Employed 0.0256 0.0273 0.0266 0.0266 0.0257
(0.0336) (0.0336) (0.0337) (0.0336) (0.0336)
Retired 0.1294*+* 0.1313*** 0.1312%** 0.1296*** 0.1296™**
(0.0346) (0.0346) (0.0346) (0.0346) (0.0346)
Economic Exp. 0.0265*** 0.0261*** 0.0261*** 0.0261%*** 0.0261%**
(0.0083) (0.0083) (0.0083) (0.0083) (0.0083)
Saving Horizon 0.0297*** 0.0297*** 0.0302*** 0.0292*** 0.0298***
(0.0051) (0.0051) (0.0051) (0.0051) (0.0051)
Risk Attitudes 0.2356*** 0.2357*** 0.2357%** 0.2359*** 0.2352%**
(0.0077) (0.0076) (0.0076) (0.0076) (0.0076)
Total Income 0.1207*** 0.1200*** 0.1203*** 0.1195%** 0.1200%**
(0.0057) (0.0057) (0.0057) (0.0057) (0.0057)
Net Worth 0.01671*** 0.01671*** 0.0163*** 0.0160*** 0.0162%**
(0.0011) (0.0011) (0.0011) (0.0011) (0.0011)
Home owner 0.1437*** 0.1458*** 0.1467*** 0.1438*** 0.1448™*
(0.0155) (0.0155) (0.0154) (0.0156) (0.0155)
Background Risks:
Business Own. —0.0141 —0.0137 —0.0142 —0.0137 —0.0142
(0.0163) (0.0163) (0.0163) (0.0163) (0.0163)
Multi Earners 0.0364** 0.0367** 0.0369** 0.0363** 0.0366**
(0.0147) (0.0147) (0.0147) (0.0147) (0.0147)
Major Fin. Exp. 0.05717*** 0.0567*** 0.0557*** 0.0575%** 0.0562***
(0.0124) (0.0124) (0.0124) (0.0124) (0.0124)
No Health insur. —0.2123%** —0.2147%** —0.2146™** —0.2116™** —0.2122%**
(0.0278) (0.0279) (0.0278) (0.0280) (0.0279)
Inheritance 0.0509*** 0.0513*** 0.0509*** 0.0512%** 0.0508™**
(0.0143) (0.0143) (0.0143) (0.0143) (0.0143)
Know Income 0.0456*** 0.0456*** 0.0458*** 0.0450*** 0.0452%**
(0.0133) (0.0133) (0.0133) (0.0133) (0.0133)
Income Above Norm. —0.0002 —0.0002 —0.0003 —0.0001 —0.0002
(0.0015) (0.0015) (0.0015) (0.0015) (0.0015)
Income Below Norm. 0.0001 0.0001 0.0002 0.0000 0.0001
(0.0015) (0.0015) (0.0015) (0.0015) (0.0015)
Borrowing Constraints:
Constraint 1 —0.0799***
(0.0215)
Constraint 2 —0.0528***
(0.0175)
Constraint 3 —0.0476™*
(0.0200)
Constraint 4 —0.0639***
(0.0180)
Constraint 5 —0.0593%**
(0.0186)
Constant —3.8226™** —3.8190%** —3.8353%** —3.8011%** —3.8204***
(0.0950) (0.0969) (0.0953) (0.0978) (0.0958)
Year Fixed Effects Yes Yes Yes Yes Yes
Observations 27,433 27,433 27,433 27,433 27,433

Notes: Dependent variable is the proportion of high-risk assets. Fractional probit regression model parameters. Standard errors in parentheses.
*denotes significance at the 10% level, ** denotes significance at the 5% level and *** denotes significance at the 1% level.
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Specification

1 2 3 4 5
Age 0.0063*** 0.0063*** 0.0063*** 0.0063*** 0.0063***
(0.0009) (0.0009) (0.0009) (0.0009) (0.0009)
Age Squared —0.0055%** —0.0055%** —0.0055%** —0.0055** —0.0055™**
(0.0009) (0.0009) (0.0009) (0.0009) (0.0009)
Male 0.014* 0.0146™* 0.0143** 0.0144** 0.014*
(0.0073) (0.0073) (0.0072) (0.0072) (0.0072)
White 0.0563*** 0.057*** 0.0575%** 0.0563*** 0.0569***
(0.0055) (0.0055) (0.0055) (0.0055) (0.0055)
Education:
High School 0.0695*** 0.0698*** 0.0697*** 0.0696*** 0.0695%**
(0.0112) (0.0112) (0.0112) (0.0112) (0.0112)
College Degree 0.1334*** 0.134%** 0.1344*+* 0.1333%** 0.1338%**
(0.0108) (0.0108) (0.0108) (0.0108) (0.0108)
Married —0.0079 —0.0078 —0.0075 —0.0079 —0.0076
(0.0071) (0.0071) (0.0071) (0.0071) (0.0071)
Child —0.0123*** —0.0124*** —0.0127*** —0.0122%** —0.0125%**
(0.0044) (0.0044) (0.0044) (0.0044) (0.0044)
Employment:
Employed 0.0725*** 0.0737%*** 0.0728*** 0.0728*** 0.0725%**
(0.0093) (0.0092) (0.0093) (0.0092) (0.0093)
Self-Employed 0.0081 0.0087 0.0084 0.0084 0.0082
(0.0107) (0.0107) (0.0107) (0.0106) (0.0107)
Retired 0.04777*** 0.0416*** 0.0416*** 0.041 7%+ 0.0417%**
(0.011) (0.011) (0.011) (0.011) (0.011)
Economic Exp. 0.0084*** 0.0083*** 0.0083*** 0.0083*** 0.0083***
(0.0026) (0.0026) (0.0026) (0.0026) (0.0026)
Saving Horizon 0.0094*+* 0.0094*** 0.0096*** 0.0092%*** 0.0094%**
(0.0016) (0.0016) (0.0016) (0.0016) (0.0016)
Risk Attitudes 0.0747*** 0.0747*** 0.0746*** 0.0748*** 0.0746™**
(0.0023) (0.0023) (0.0023) (0.0023) (0.0023)
Total Income 0.0387*** 0.03871*** 0.0382*** 0.0379*** 0.03871%**
(0.0018) (0.0018) (0.0018) (0.0018) (0.0018)
Net Worth 0.0057*** 0.0057*** 0.0052*** 0.00571*** 0.0057%**
(0.0003) (0.0003) (0.0003) (0.0003) (0.0003)
Home owner 0.0456*** 0.0462*** 0.0465*** 0.0456*** 0.0459%**
(0.0049) (0.0049) (0.0049) (0.0049) (0.0049)
Background Risks:
Business Own. —0.0045 —0.0044 —0.0045 —0.0044 —0.0045
(0.0052) (0.0052) (0.0052) (0.0052) (0.0052)
Multi Earners 0.0115** 0.0116™* 0.0117** 0.0115** 0.0116**
(0.0047) (0.0047) (0.0047) (0.0047) (0.0047)
Major Fin. Exp. 0.01871*** 0.018*** 0.0177*** 0.0182%*** 0.0178***
(0.0039) (0.0039) (0.0039) (0.0039) (0.0039)
No Health insur. —0.0673*** —0.0679*** —0.0681*** —0.0671*** —0.0673***
(0.0088) (0.0088) (0.0088) (0.0088) (0.0088)
Inheritance 0.0167*** 0.0163*** 0.0162*** 0.0162*** 0.0161%***
(0.0045) (0.0045) (0.0045) (0.0045) (0.0045)
Know Income 0.0145%** 0.0145%** 0.0145%** 0.0143%** 0.0143%*
(0.0042) (0.0042) (0.0042) (0.0042) (0.0042)
Income Above Norm. —0.0001 —0.0001 —0.0001 0 —0.0001
(0.0005) (0.0005) (0.0005) (0.0005) (0.0005)
Income Below Norm. 0.000 0.000 0.0001 0.000 0.000
(0.0005) (0.0005) (0.0005) (0.0005) (0.0005)
Borrowing Constraints:
Constraints 1 —0.0253***
(0.0068)
Constraints 2 —0.0167***
(0.0056)
Constraints 3 —0.0151**
(0.0063)

(continued)
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Table A5. Continued.

Specification

1 2 3 4 5
Constraints 4 —0.0203***
(0.0057)
Constraints 5 —0.0188™**
(0.0059)
Year Fixed Effects Yes Yes Yes Yes Yes
Observations 27,433 27,433 27,433 27,433 27,433

Notes: Dependent variable is the proportion of high-risk assets. Fractional probit regression model marginal effects. Standard errors in parentheses.
*denotes significance at the 10% level, **denotes significance at the 5% level and ***denotes significance at the 1% level.
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