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Abstract

Based on a theory of portfolio choice with non-tradable assets, we estimate hedging
demands due to background risks before and after the Great Recession for U.S house-
holds using the Survey of Consumer Finances. Background risks related to human
capital, residential property and proprietary business assets all reduce financial risk-
taking, but these effects decline over the Great Recession. Expected risk-adjusted stock
market performance also declines, offsetting the effect of reduced hedging demands on
portfolio choice. Unlike previous literature that requires panel data with a large time
dimension, our novel approach only requires cross-sectional data on portfolio choice to
identify hedging demands.
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1 Introduction

Apart from financial wealth, household portfolios include non-financial assets that are either

non-tradable (such as human capital) or quasi-non-tradable because they are illiquid and

owners prefer to hold on to them for various non-financial reasons (such as residential housing

and proprietary business). These assets, which we call background assets, expose households

to unavoidable background risks that cannot be insured or diversified away. Under fairly

general conditions, background risks reduce households’ optimal exposure to risky assets,

even if these risks are fully idiosyncratic.1 To the extent that returns on background assets

covary with returns on risky assets, households’ optimally develop hedging demands that

reduce their share of wealth allocated to risky assets. This paper estimates changes in

background risk hedging demands across the Great Recession from a structural model of

portfolio choice.

Households living through the financial and economic crisis of 2007—09 (the Great Re-

cession) experienced declines in stock market and house values that were unprecedented in

recent history and largely unexpected. At the aggregate level, these changes were accompa-

nied by reductions in income from labor and proprietary business. As a result, households

experienced changes in their exposure to background risks. Whether these changes affected

background risk hedging demands depends on changes in households’ perceptions of back-

ground risks and the correlations between the returns on background assets and the stock

market. Equivalently, as shown in our theoretical analysis, hedging demands depend on per-

ceived betas of background assets, defined in the asset pricing sense as covariances between

returns on background assets and the return on the stock market, scaled by the variance of

stock market returns.

Using 2007—09 panel data from the Survey of Consumer Finances (SCF), collected im-

mediately before and after the Great Recession, we investigate how perceived betas changed

1See Pratt and Zeckhauser (1987), Kimball (1993), Gollier and Pratt (1996), and Eeckhoudt, Gollier, and
Schlesinger (1996). See also Campbell and Viceira (2002), ch. 6.1.1., and related discussion in Viceira (2001)
and Haliassos and Michaelides (2003).
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over the Great Recession. We focus on background risks related to human capital,2 res-

idential property,3 and proprietary business,4 in line with Heaton and Lucas (2000b) and

Palia, Qi, and Wu (2014). For each of these sources of background risk, we document a large

and statistically significant decline in average beta after the Great Recession, which reduced

hedging demands for given exposures to background risks. Allocations of total assets to

background assets reflect households’ exposures to background risks, and remained largely

unaffected over the Great Recession on average. We show that the resulting reductions in

hedging demands were offset by a reduction in the speculative demand for risky assets due

to a significant decline in the perceived risk-adjusted equity premium, accompanied by a

modest decrease in risk tolerance. Taken together, the average overall demand for risky

assets remained unaffected over the Great Recession except for a modest increase in average

stock market participation and decrease in the share of total wealth allocated to stocks.

Using a theoretical portfolio choice model proposed by Eiling (2013), we show how back-

ground risk hedging demands are theoretically identified via regressions of optimal allocations

of total wealth to the stock market onto allocations of total wealth to background assets. Ac-

tual allocations differ from optimal allocations due to short-selling and leverage constraints.

When actual rather than optimal allocations are observed, a censored regression approach

can recover the structural parameters and identify the relevant betas. We use a random

effects panel Tobit model for this purpose. A cross-section of household portfolio choice data

is sufficient to estimate average perceived betas at a given point in time. With two waves of

the 2007—09 panel of the SCF, this allows us to estimate background risk hedging demands

immediately before and after the Great Recession. Alternative approaches that rely on esti-

mating background risks from typically infrequent observations of household micro data are

unable to identify changes in hedging demands over such a short period of time.

2Cocco, Gomes, and Maenhout (2005), Gomes and Michaelides (2005), Benzoni, Collin-Dufresne, and Gold-
stein (2007), Lynch and Tan (2011), Betermier, Jan, Parlour, and Walden (2012), Michaelides and Zhang
(2017), Fagereng, Guiso, and Pistaferri (2018), Addoum, Delikouras, and Korniotis (2019), Catherine (2021).

3Grossman and Laroque (1990), Flavin and Yamashita (2002), Cocco (2005), Yao and Zhang (2005), Davidoff
(2006), Chetty, Sándor, and Szeidl (2017), Vestman (2019).

4Heaton and Lucas (2000a), Gentry and Hubbard (2004).
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The SCF is considered the “gold standard for estimates of the wealth holdings of Ameri-

can families” due to both its breadth of questions devoted to wealth and oversampling of high

wealth households who have a very large share of total wealth (Pfeffer, Schoeni, Kennickell,

and Andreski, 2016). The SCF also contains detailed information on risk attitudes, per-

ceived earnings risk, and expected financial market performance that we use to calibrate the

model. Moreover, the SCF contains household characteristics such as composition, age, and

educational attainment, that we use in an extended version of the panel Tobit model. Im-

portantly, the 2007 and 2009 interview periods perfectly coincide with the Great Recession,

which started in December 2007 and ended in June 2009 according to the NBER.

Figure 1 depicts the S&P 500 stock price index from January 2003 to January 2013 along

with aggregate counterparts of the sources of background risks we investigate at household

level: the Case-Shiller National Home Price index, an index of wages and salaries in pri-

vate industries (from the National Income and Product Accounts, NIPA), and an index

of income from proprietary non-farming business (NIPA). The SCF interview periods are

shown as gray-shaded areas. While these time series may give us an idea about changes

in realized covariances between aggregate returns on non-tradable components of household

wealth and the stock market over the Great Recession, we are estimating perceived betas

related to background risks from household portfolio choice data. Realized covariances are

backward-looking risk measures, while portfolio choice decisions are based on forward-looking

perceptions of rewards and risks. From the baseline calibration of our structural model, we

estimate average perceived betas related to human capital, residential property and propri-

etary business in the magnitude of 0.45, 0.43, and 0.41 respectively in 2007, and 0.38, 0.36,

and 0.34 in 2009. These betas significantly declined over the Great Recession by about 15%.

There is substantial literature relating realized measures of background risks to risk-

taking behaviour. Most relevant to our paper is Palia et al. (2014), who estimate realized

correlations between returns on human capital, residential property and proprietary busi-

ness and stock market returns from the nine waves of the Panel Study of Income Dynamics
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(PSID) with complete wealth information between 1984 and 2009. When we translate these

realized correlations and our perceived beta estimates into covariances, we find that per-

ceived covariances are of an order of magnitude larger than realized covariances. Notably,

this holds before and after the Great Recession. When households decide on portfolio choice,

background risks play a much larger role than anticipated based on historical realizations of

these risks alone. Interestingly, the Palia et al. (2014) estimates of realized covariances re-

semble ours in the sense that background risks related to human capital, residential property

and proprietary business are of qualitatively similar magnitudes. Households do not greatly

differentiate between these risks, and actual realizations of these risks support this behavior.

While all hedging demands related to perceived background risks in human capital, resi-

dential property, and proprietary business significantly affect financial risk-taking behavior in

our study, only realized human capital background risk predicts financial risk-taking in Palia

et al. (2014). Similarly, Bonaparte, Korniotis, and Kumar (2014) and Bagliano, Corvino,

Fugazza, and Nicodano (2021) document a negative and significant relationship between

stock market participation and the realized correlation between earnings shocks and stock

returns. Heaton and Lucas (2000a) find that the covariance between proprietary business

income and stock returns significantly affects allocations to stocks, while the corresponding

covariance of wage income turns out insignificant. Likewise, Vissing-Jørgensen (2002), An-

gerer and Lam (2009) and Davis and Willen (2014) do not find a significant impact of realized

correlations or covariances between income and stock returns on financial risk-taking.

A growing literature in economics and finance addresses the impact of experienced mar-

ket outcomes on subsequent household risk-taking.5 As we estimate our parameters using

the entire cross-section of households across the Great Recession, we cannot differentiate

behavior based on personal experience. We can, however, contribute to a literature that

estimates changes in average perceptions of reward and risk and the financial risk-taking of

5For example, personal experience of adverse labor market conditions (Knüpfer, Rantapuska, and Sarvimäki,
2017), IPO returns (Kaustia and Knüpfer, 2008), 401(k) outcomes (Choi, Laibson, Madrian, and Metrick,
2009), stock market trends (Malmendier and Nagel, 2011) and bank default (Andersen, Hanspal, and Nielsen,
2019) have been shown to influence future investor and household behavior.
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households in response to the Great Recession.6 Using monthly panel data between April

2008 and March 2009, Hoffmann, Post, and Pennings (2013) report that Dutch discount

brokerage investors reacted to the worst months of the financial crisis with lower return ex-

pectations and self-reported risk tolerance but increased perceptions of market risk. These

investors did not, however, actually shift their portfolios from risky investments to cash over

the study period, which the authors attribute to a reversal of risk perceptions and risk toler-

ance. While we also find a decrease in self-reported risk tolerance over the Great Recession

in our data, we estimate a significant decrease in the average perceived risk-adjusted eq-

uity premium. However, Hoffmann et al. (2013) do not investigate background risk hedging

demands, which are the focus of our study.

Weber, Weber, and Nosić (2013) use repeated three-monthly surveys distributed among

the clients of a U.K. online-brokerage between September 2008 and June 2009. Survey

participants were asked to hypothetically invest in either the U.K. stock market or a risk-free

asset. The authors document changes in subjective risk and return expectations and risk-

taking over the Great Recession. They find that changes in subjective expectations weakly

correlate with numeric assessments of risk and return expectations and that actual changes

in risk-taking were motivated more by subjective than numeric expectations. Our paper

confirms the role of perceived risks as an important predictor of financial risk-taking but our

focus lies on background risks. Furthermore, the surveys analyzed by Hoffmann et al. (2013)

and Weber et al. (2013) start in April 2008 and September 2008, respectively, significantly

later than the onset of the Great Recession in December 2007. Unlike these authors, we are

able to compare true pre- and post-recession outcomes in financial risk-taking.

Gerrans, Faff, and Hartnett (2015) find negligible changes in risk tolerance over the Great

Recession, while Bateman, Islam, Louviere, Satchell, and Thorp (2011) find evidence for a

6A related literature investigates household responses to the Great Recession along other dimensions including
spending (Hurd and Rohwedder, 2010; Mian, Rao, and Sufi, 2013; Christelis, Georgarakos, and Jappelli, 2015;
Hurd and Rohwedder, 2016; Angrisani, Hurd, and Rohwedder, 2019), time-use (Been, Hurd, and Rohwedder,
2014), retirement behavior (Coronado and Dynan, 2012; Hurd and Rohwedder, 2012; Fichtner, Phillips, and
Smith, 2012), and intended bequests (Hurd and Rohwedder, 2012).
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decrease in risk tolerance between early 2007 and late 2009. Similarly, we find that average

risk tolerance in the data declined from before to after the Great Recession. Guiso (2012),

Guiso, Sapienza, and Zingales (2018), and Necker and Ziegelmeyer (2016) report increases

in households’ risk aversion in the aftermath of the Great Recession, consistent with changes

in emotions like trust and fear. Dorn and Weber (2013) relate a reduction in delegated

portfolio management after the Great Recession to a loss of trust. None of the papers above

are concerned with estimating changes in background risk hedging demands.

That we use a large and representative survey of U.S. households is particularly im-

portant because previous literature has primarily focused on sub-populations like brokerage

investors, DC pension plan members or older households, often without key information

about household characteristics and balance sheets. This literature is also heavily tilted

towards non-U.S. households, with the exceptions of Tang, Mitchell, and Utkus (2012) and

Browning and Finke (2015) who focus on 401(k) participants and retirees, respectively. Only

U.S. data allows us to analyze households who were directly affected by the burst of the U.S.

housing bubble that led to the Great Recession. That we analyze actual, not hypotheti-

cal, portfolio choice decisions of households (in contrast to Weber et al., 2013) is important

because there can be a large gap between stated and revealed preferences.7

The only other paper we are aware of that studies a related research question using a

large representative survey of U.S. households is Chen and Stafford (2016), who primarily

focus on the effect of mortgage distress. Using biannual PSID data, they find that this

negatively predicts withdrawal from the stock market in 2009, although the same variable is

not captured in their data in 2007, which prevents testing for time-variation in this effect.

These results complement our findings regarding the importance of background risks related

to residential property. However, we are considering other sources of background risk as well

and focus on changes in hedging demands across the Great Recession.

7For example, Choi, Laibson, Madrian, and Metrick (2002) report that 47% of participants in financial
education seminars stated an intention to change fund selection in their 401(k) plan following the seminar.
Only 15% of participants actually changed their selection.
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2 Portfolio choice with background risks

2.1 Optimal allocation to risky tradable assets

Household i’s total wealth in period t, Wit, consists of tradable financial assets, Ait, and

background assets, Bit, including non-tradable assets such as human capital and illiquid

assets such as residential property and proprietary business:

Wit = Ait +Bit. (1)

Let xit and yit denote vectors of household i’s dollar holdings in risky tradable and back-

ground assets at time t as fractions of Ait and Bit, respectively. Let Rf
t denote the risk-free

real gross return on cash, Re
t+1 denote the excess return on risky tradable assets, and Rb

t+1

the real gross return on background assets. Given allocations at time t, the household’s

portfolio return on total wealth in t+ 1 equals:

Rw
it+1 =

Ait
Wit

(
Rf
t + x′itR

e
t+1

)
+
Bit

Wit

y′itR
b
t+1. (2)

The household optimally chooses xit to maximize mean-variance utility from Rw
it+1:

max
xit
{E[Rw

it+1]−
γit
2
V ar[Rw

it+1]}, (3)

where γit denotes household i’s coefficient of relative risk aversion at time t.8 Solving for

the mean-variance portfolio choice problem yields the following expression for the optimal

shares of financial wealth invested in risky assets, x∗it:

x∗it = τit
Wit

Ait
V ar[Re

t+1]
−1E[Re

t+1]−
Bit

Ait
V ar[Re

t+1]
−1Cov[Re

t+1, R
b
t+1]yit, (4)

where τit = 1/γit denotes household i’s risk tolerance at time t.

8The t subscript on relative risk aversion denotes that this parameter is permitted to be time-varying.
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Although Equation (4) is derived from a static portfolio choice model with mean-variance

utility, an almost identical expression is obtained by Campbell and Viceira (2002) for a

myopic investor with power utility who faces background risk in the form of unhedgable labor

income (see their Equation (6.11)).9 In both settings, the household optimally invests more in

risky assets than does a mean-variance investor without background risks (Markowitz, 1952)

if background risks are idiosyncratic (i.e., Cov[Re
t+1, R

b
t+1] = 0) because Wit/Ait > 0. Equation

(4) becomes the traditional optimal mean-variance portfolio in the absence of background

risks. Moreover, Equation (6.45) in Campbell and Viceira (2002) shows that the optimal

allocation to risky assets remains very similar to Equation (4) when the myopic investment

problem in Equation (3) is replaced with the portfolio optimization problem of a long-term

investor. Thus, the portfolio choice implications of the Eiling (2013) model with non-tradable

assets carry over to a dynamic investment environment with more realistic preferences.

2.2 Asset pricing implications and valuing human capital

Estimating the parameters of the optimal portfolio expression in Equation (4) requires knowl-

edge of the value of all background assets, Bityit. For illiquid assets such as residential real

estate and proprietary business, we directly observe self-reported market values in our data.

For non-tradable human capital this information is not available. A common approach to

estimate the value of human capital is to use the capitalized value of future labor income,

discounting at the real return on a risk-free asset (e.g., see Heaton and Lucas (2000a), Cocco

(2005)). However, in our framework background risk directly affects equilibrium asset values

and returns so it is no longer appropriate to use the risk-free rate to discount these explicitly

risky background assets.

We instead discount future labor income using the expected return implied by the optimal

portfolio in Equation (4) that arises under market clearing (i.e. when demand for risky assets

equals supply in equilibrium). Eiling (2013) derives the following asset pricing implications

9Campbell and Viceira (2002) log-linearize the budget constraint and portfolio return and therefore obtain a
Jensen’s inequality correction in the numerator of the first term in Equation (4).
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for asset j with risky gross return Rj
t+1:

10

E[Rj
t+1] = Rf

t + βj
(
E[Rm

t+1]− βbV ar[Rm
t+1]b̄t

)
+ Cov[Rj

t+1, R
b
t+1]b̄t, (5)

where Rm
t+1 denotes the excess return on the market portfolio, βk = Cov[Rkt+1,R

m
t+1]/V ar[Rmt+1], for

k = (j, b), and

b̄t =

∑It
i=1Bityit∑It
i=1 τitWit

. (6)

Here, It denotes the number of investors at time t. This expression collapses to the standard

CAPM of Sharpe (1964) in the absence of background risks. Equation (5) where j refers to

human capital (Hit) gives the discount rate applied to the stream of expected labor income

in all future periods to generate the current, risk-adjusted value of human capital. To obtain

the expected value of future labor income, we assume that labor income stays constant in

real terms until age 65 and then ceases (as in Heaton and Lucas (2000a)). Thus, Hit is:

Hit =

Tit∑
s=0

Lit(
Rf
t + βhuc

(
E[Rm

t+1]− βbV ar[Rm
t+1]b̄t

)
+ Cov[Rhuc

t+1, R
b
t+1]b̄t

)s , (7)

where Tit denotes the years to retirement.

2.3 One risky asset and three background risks

We investigate the allocation to a single risky tradable asset, the stock market (such that

Re
t+1 = Rm

t+1), in the presence of three background assets, human capital, residential housing,

and proprietary business equity. In this setting, (4) becomes

x∗it = ατit
Wit

Ait
− Bit

Ait
β′byit, (8)

10See Appendix A.1 for the derivation.
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where α = E[Rmt+1]/V ar[Rmt+1]. For numerical reasons (to avoid very large ratios of non-tradable

human capital to financial wealth for some households), we divide both sides of (8) by Wit/Ait

and obtain

X∗it = ατit − βhucHUCit − βhouHOUit − βbusBUSit, (9)

where X∗it denotes the share of total assets allocated to the stock market, HUCit = Hit/Wit,

and HOUit and BUSit denote the ratios of the market values of residential property and

business equity to total wealth, respectively. Note that the beta coefficients on the shares

of total wealth invested in background assets are betas in the asset pricing sense, namely

scaled covariances between the returns on background assets and the excess return on the

stock market. These betas determine the household’s background risk hedging demands for

given exposures to background risk, HUCit, HOUit, and BUSit.

2.4 Estimating structural parameters with observable background asset values

Our empirical specification for the demand for stocks directly follows from Equation (9)

which describes the household’s optimal allocation to stocks as a function of background

asset holdings and risk tolerance. Allowing for time-varying structural parameters before

and after the Great Recession and a random effects (RE) error term specification, we could

estimate the parameters of the model, θ = (αt, βt,huc, βt,hou, βt,bus, σν , σε)
′, from

X∗it = αtτit − βt,hucHUCit − βt,houHOUit − βt,busBUSit + uit (10)

uit = νi + εit (11)

by FGLS using the so-called RE estimator. Note that there is no intercept in (10).

However, observed allocations of total wealth to the stock market may deviate from op-

timal allocations because of two important constraints. The first is a short-selling constraint

preventing households from holding negative positions in equities. The second is a leverage

constraint that restricts the household from holding positions in risky assets that exceed

10



total wealth. These two constraints respectively imply that first, the actual allocation, Xit,

is left-censored at zero for households that would otherwise desire to hold negative positions

in stocks, and second, is right-censored at one for households that would otherwise wish to

borrow and invest more than their total net wealth in stocks.

In our sample, we do not observe any households at the right-censoring threshold and

so focus only on the issue of left censoring. Left censoring implies that the FGLS estimator

obtained from a linear regression of Xit onto background assets and risk tolerance is biased

and inconsistent. A random effects Tobit specification that explicitly models the observed

allocations as a censored outcome variable of the latent optimal allocation is appropriate

and can be represented as

Xit =

{
X∗it if X∗it > 0

0 if X∗it ≤ 0.
(12)

Assuming joint normality of the random effect (νi) and the time-varying error component

(εit), the likelihood function for the observed asset allocation of household i in period t,

conditional on νi and Zit = (τit, HUCit, HOUit, BUSit) is given by

f (Xit|Zit, νi; θ) =

((√
2πσ2

ε

)−1
e−(u2it/2σ2

ε)
)dit

Φ

(
uit
σε

)(1−dit)

, (13)

where dit = 1 (Xit > 0), uit is defined as per (11) and Φ is the standard normal CDF.

Under the random effects assumption that νi ∼ N (0, σ2
ν), the likelihood contribution of the

(unconditional) observed allocation of household i in time t is

f (Xit|Zit; θ) =

∫ (√
2πσ2

ν

)−1
e(−ν

2
i /2σ

2
ν)f (Xit|Zit, νi; θ) dνi, (14)

where f (Xit|Zit, νi; θ) is defined as per (13). The integral in (14) is calculated via Gaussian

quadrature and the contribution of each household to the log likelihood function is weighted

according to the sampling weights supplied by the SCF. We estimate the parameters govern-
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ing the optimal portfolio allocation for each implicate in the SCF by Maximum Likelihood

(ML) and average these to obtain our final point estimates for θ.

2.5 Iteratively solving for the present value of risky human capital

For our sample of N households, we observe actual dollar values of total assets invested

in stocks, Xit, and the dollar values corresponding to the numerators HOUit and BUSit

for t = 2007, 2009. We use self-reported information of risk tolerance to calibrate τit as

described below. However, we face an additional econometric challenge in dealing with the

fact that the value of human capital is not reported in our data and so the ratio HUCit is

both unobservable and also a function of the parameters estimated in (10), as can be seen

from Equation (7).

We use the following iterative process to recursively estimate human capital and the

structural parameters in θ. We start the process using a value of human capital equal to

the capitalized value of future labor income using the risk-free real return for discounting

purposes. We refer to this as the risk-free value of human capital. Using this value, we

obtain HUCit and estimate the structural parameters from (10) by ML, including the betas

that then appear in the denominator of the expression for the human capital value in (7).

Using information on the perceived equity premium from the data as described below, we

can separate the estimated α into its components E[Rm
t+1] and V ar[Rm

t+1], which are also

used in the denominator of (7). Under the assumption that the three background risks are

uncorrelated,11 Cov[Rhuc
t+1, R

b
t+1] in the denominator of (7) reduces to V ar[Rhuc

t+1]. We use

information on the perceived variance of human capital returns from the data as described

below to calibrate this term.

With the betas, the components of α and the variance of the return to human capital,

we can estimate the risk-adjusted value of human capital from (7), which we then use as

11Using the PSID, Palia et al. (2014) estimate average correlations between the returns on human capital,
residential property, and proprietary business between -0.004 and 0.014. These estimates are considerably
smaller than the authors’ estimates of average correlations between the return on the stock market and the
returns on the three background assets, which range from 0.029 to 0.034.

12



an input to re-estimate the structural parameters from (10). This process is iterated until

the change in structural parameters between two consecutive iterations becomes negligible.

Usually, 5− 10 iterations are required to achieve convergence. As the final result, we obtain

estimates of human capital and perceived betas from this iterative approach. Because the

structural estimates depend on a generated human capital regressor, we use the bootstrap

with 100 replications per implicate to estimate standard errors. We use standard methods of

repeated-imputation inference (RII; Montalto and Yuh, 1998), discussed in Appendix A.2,

to adjust the standard errors for the multiple imputations used in the SCF.

3 Household panel data

Our analysis is based on the 2007—09 panel SCF. The SCF has been conducted by the

Federal Reserve Board (FRB) on a triennial basis since 1983 using repeated cross-sections

of U.S. households. The SCF contains detailed information on household wealth and over-

samples high wealth households. Alternative survey data such as the PSID or the Survey

of Income and Program Participation tend to underestimate wealth holdings in the top 1%,

compared with the SCF. Other sources such as the NLSY79 do not contain asset information

in periods surrounding the Great Recession and do not cover a representative sample of U.S.

households.

SCF data is normally collected in repeated cross-sections. In April 2009, the FRB decided

to reinterview participants in the 2007 SCF to track the impact of the Great Recession on

U.S. households over time. These follow-up interviews were not anticipated at the time of

the 2007 SCF and were largely completed between July and December 2009 according to

the documentation of the dataset. The business cycle contraction to which we refer to as

the Great Recession started in December 2007 and ended in June 2009 according to the

NBER. The 2007 and 2009 interview periods perfectly coincide with the Great Recession.

The timing of interviews, the panel structure of the data, and the availability of detailed

information on household finances and demographic background, renders the 2007—09 panel
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of the SCF ideal for our purposes.

In 2007, the respondent in a given household was the economically dominant individual

or the financially most knowledgeable member of the economically dominant couple. In 2009,

considerable efforts were made to track every 2007 household and reinterview the original

respondent. Almost 89% of eligible 2007 participants were reinterviewed in 2009. Non-

response was not systematically related to the most important characteristics of the panel

(Bricker, Bucks, Kennickell, Mach, and Moore, 2011). The raw data of the SCF 2007—

09 panel include 3,857 households. We restrict our sample to households observed during

their working life and remove households with respondents aged 66 or above. We require

that either the respondent or his/her partner, if present, are employed or self-employed and

receive positive labor income of at least $1,000. We further require that households have at

least $1,000 of financial wealth and non-negative business equity. These restrictions allow

us to estimate our portfolio choice models while avoiding very large ratios of non-tradable

human capital to financial wealth. After applying our selection criteria to both survey waves,

we are left with a balanced panel of 1,601 households.

3.1 Changes in household variables over the Great Recession

Panel A of Table 1 shows detailed household balance sheet information before and after the

Great Recession. All dollar values were converted to 2013 dollars by the SCF. Here, total

wealth is defined as the sum of financial assets (liquid financial wealth) and background

assets (human capital, residential property assets, and net equity in proprietary business).

In Table 1, the value of human capital is computed as capitalized labor income using the

real return on a risk-free asset (cash) as a discount rate, as per Heaton and Lucas (2000a)

and Cocco (2005). This return varied from -0.15% in 2007 to 0.29% in 2009 (see below).

In our main analysis, we value human capital using a discount rate that explicitly accounts

for its riskiness, as described in Section 2.2. Table 1 serves as a benchmark with which to

compare the final household balance sheet using appropriately discounted human capital.
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Mean total wealth declined by 13% from about $2,759,346 in 2007 to $2,426,848 in 2009.

All components of total assets experienced a decline as expected based on the aggregate

time series depicted in Figure 1. Mean financial wealth fell by 6.7%, risk-free human capital

by 12.4%, residential property value of home owners by 15.0%, and net business equity of

entrepreneurs by 16.7%.

Panel B of Table 1 shows stock market participation transition tables by asset ownership.

A stockholder is defined as a household who invests part of its financial assets in stocks, either

directly or through mutual funds. The percentage of households participating in the stock

market increased from 36% in 2007 to 37% in 2009. Stock market participation among home

owners increased by the same magnitude from 38% in 2007 to 39% in 2009. Owners of

private business were substantially more likely to own stocks in 2007 (53%) than in 2009

(48%). Around 19% of households switched stock market participation status from 2007

to 2009 (10% entries and 9% exits). While entries outweighed exits for home owners by a

similar margin, business owners were much less likely to enter the stock market in 2009 (9%)

than to leave the market (14%).

Panel C of Table 1 shows average allocations of financial wealth to stocks and cash

and bonds, respectively. By construction, these allocation sum up to unity. Our definition

of financial wealth excludes savings in account-based pension plans such as 401(k) plans

because the asset allocation in such plans is heavily tilted towards default products (Madrian

and Shea, 2001; Choi, Laibson, Madrian, and Metrick, 2002). Conditional on stock market

participation, the average allocation to stocks fell from 35% in 2007 to 33% in 2009. The same

decline is observed for homeowners who participated in the stock market, while participating

business owners increased their allocation to stocks from 36% in 2007 to 37% in 2009.

Table 2 presents summary statistics for household characteristics in our sample. Panel

A reports the average and standard deviation for indicator variables capturing households’

responses to questions on attitudes to risk, expectations about the future economy and

ability to forecast future family income. In Section 3.2, we use these responses to calibrate
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parameters regarding risk tolerance, the equity market premium, and the volatility of human

capital returns.

Households report a substantial reduction in overall risk tolerance over this period in our

data. Although the proportion of households that are willing to take “substantial” financial

risk is unchanged from before to after the crisis (5%), the proportion that are willing to

take “above average” financial risk fell 8 percentage points from 27% to 19% across the

period. This corresponds to a 2 percentage point increase in households reporting “average”

financial risk taking, and a 6 percentage point increase in households “not willing” to take

any financial risks.

Despite this reduction in attitudes to financial risk, more households are relatively opti-

mistic about the future economy in 2009 than 2007. Before the crisis, the same proportion

(29%) of households expected the economy to improve as did the proportion expecting it to

deteriorate relative to the past five years. In 2009, a majority of households (57%) expected

the economy to improve relative to the past five years and only 23% expect it to deteriorate.

Clearly, this shift reflects at least in part the fact that the 2009 reference period includes the

most acute phase of the crisis. Around 80% of households believe they have a good idea of

their next year’s family income both before and after the crisis.

Panel B provides summary statistics for the set of demographic control variables used

in our analysis. The average respondent was male, 44.5 years old in 2007, living with a

partner and one child. About 73% of respondents had at least some college education.

These demographic variables are generally time-invariant characteristics that are, on average,

unaffected by the financial crisis as demonstrated in Table 2, though marriage rates fell by

around 5 percentage points over this two-year period. Almost 20% of respondents evaluated

their own or (if present) their partners’ health condition as either “fair” or “poor” (instead

of “excellent” or “good”) in both periods. About 11% (17%) of respondents or their partners

experienced an unemployment spell in the year before the 2007 (2009) interview. Almost

40% of households used professional financial advice from lawyers, accountants or financial
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planners in both years.

3.2 Parameter calibration

In order to estimate our structural model of portfolio choice, we need numerical values of

risk tolerance (τit), the equity premium (E[Rm
t+1]), and the variance of human capital return

(V ar[Rhuc
t+1]) for each household in each year. We obtain these by combining households’ self-

reported measures of risk preference and reward and risk perceptions in Panel A of Table 2

with coefficients of relative risk aversion and realized moments of returns to risk-free financial

assets, risky financial assets and human capital estimated in the literature. Table 3 present

these estimates and summary statistics of our calibrated variables.

For risk tolerance, we assign the reciprocal of the 10th and 25th percentiles (4.6 and 4.9)

of the cross-sectional distribution of relative risk aversion estimated by Calvet, Campbell,

Gomes, and Sodini (2021) to households reporting willingness to take “substantial” and

“above average” financial risk, respectively. Panel A of Table 3 shows these parameters.

Households willing to bear “average” financial risk are assigned the reciprocal value of the

average relative risk aversion (5.24) estimated by these authors, while households not willing

to take any financial risk, are assigned the reciprocal of the 90th percentile (5.9) of estimated

risk aversion.

Calvet et al. (2021) estimate the implied preference parameters from observed risk-taking

behaviour of households assuming that a standard life-cycle portfolio choice model (Cocco

et al., 2005) describes the data. Our calibration procedure combines the self-reported infor-

mation on the willingness to bear financial risk with the numerical risk aversion estimates

obtained by these authors. As a result, we obtain a measure of self-reported risk tolerance

that is specific to each household. While we need to use some discretion in deciding which

values to match with each subjective category of financial risk-taking, the cross-sectional

dispersion of estimated risk aversion in Calvet et al. (2021) is sufficiently narrow to give

some confidence to our choices. We follow a similar strategy to obtain household-specific es-
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timates of the perceived equity premium and the perceived variance of human capital return.

However, for these values we will conduct robustness checks as described below.

Panel B of Table 3 describes the real returns on cash (Rf
t ) in 2007 and 2009 used for

our analysis. Households were interviewed between July and December of both years. For

each of these months, we calculate the annualized real return on 30-day T-bills over the past

60 months from CRSP data using the CPI to transform nominal returns into real returns.

The 60-month window corresponds to the time window the SCF questionnaire uses as a

comparison period when eliciting households’ expectations of the future economy. Our final

estimates of the real return on cash in 2007 and 2009 are the averages of these returns

obtained over each of the six months in each year. The final perceived real returns on cash

are -0.15% in 2007 and 0.29% in 2009. We proceed in the same way to obtain estimates of the

excess (over cash) return on the broad value-weighted stock market index from CRSP in 2007

(14.94%) and 2009 (1.14%). For comparison, the long-run U.S. equity premium estimated

by Dimson, Marsh, and Staunton (2008) from more than 100 years of data is 5.51%.

We combine these values with the households’ perceptions of the future economy to

obtain household-specific estimates of the equity premium. In our baseline calibration in

Panel B of Table 3, we assign the values 14.94%, 5.51%, and 1.14% to households expecting

the economy to perform better, the same, or worse, respectively, over the next five years

compared to the previous five years. While we use the same values for 2007 and 2009

in the baseline calibration, we use different values in both years in a robustness check as

follows: in 2007, we assign the long-run value of 5.51% to households expecting worse market

performance and the 2007 estimate of 14.94% to everyone else. Similarly, we assign the long-

run value of 5.51% to households expecting better market performance in 2009, and the

2009 estimate of 1.14% to everyone else. We will see below that the implied equity premia

differ substantially between the baseline calibration and the robustness check. However,

we will later show that these equity premium estimates only become relevant to separate

the numerator and denominator of our estimate of α = E[Rmt+1]/V ar[Rmt+1] and to identify the
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covariance in the numerator of βb = Cov[Rbt+1,R
m
t+1]/V ar[Rmt+1]. For estimates of β itself as a

measure of background risk hedging demand, as is our primary interest, perceptions of the

equity premium turn out to be highly irrelevant.

Panel C of Table 3 shows our calibrated variances of labor income growth for low and

high income volatility households by highest education degree. These variances are calculated

from the labor income processes estimated by Calvet et al. (2021) who report implied vari-

ances of labor income growth for different combinations of labor income risk (low, medium,

high) and education (less than high school, high school, more than high school, i.e., at least

some college). The authors assume a standard labor income process that consists of per-

manent and transitory stochastic labor income components as in Cocco et al. (2005).12 In

our baseline calibration, we assign the implied variances of labor income growth for the low

income risk group from Calvet et al. (2021) as a proxy of the variance of the return on human

capital to households reporting that they usually have a good idea of next year’s income. We

assign the corresponding variance for the medium income risk group to households reporting

the opposite. In a robustness check, we use the variances implied by the income process

estimates for the high income risk group from Calvet et al. (2021) to these households. In

all cases, we are able to assign education-specific variances as shown in Panel C of the table.

Panel D of Table 3 shows descriptive statistics for households’ risk tolerance (the recipro-

cal of risk aversion), perceived equity premium, and perceived human capital risk resulting

from our calibrations. Average risk tolerance decreased from 0.1911 in 2007 to 0.1889 in 2009.

The average perceived equity premium increased from 6.95% in 2007 to 10.01% in 2009 in

the baseline calibration, but fell from 12.21% to 3.63% in the robustness check calibration.

The average perceived variance of human capital return increased from 0.0465 in 2007 to

0.0471 in 2009 in the baseline calibration, and from 0.0536 to 0.0549 in the robustness check

calibration. Using these variables, all structural parameters in Section 2 can be identified.

12Specifically, log labor income is modeled as yit = πit+ τit, where the permanent component, πit = νt+ηit, is
affected by aggregate, νt = νt−1+ut, and idiosyncratic, ηit = ηit−1+εit, shocks. The innovations (τit, ut, εit)
are independently normal distributed with zero mean and variances (σ2

τ , σ
2
u, σ

2
ε). Then the implied variance

of labor income growth, Git+1 = exp (∆yit+1), is V [Git+1] = exp
(
σ2
u + σ2

ε + 2σ2
τ

) (
exp

(
σ2
u + σ2

ε + 2σ2
τ

)
− 1
)
.
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4 Risky asset allocation panel Tobit estimates

4.1 Results from baseline calibration

Estimated coefficients from our final specification described in Section 2.4 using our baseline

parameter calibrations are presented in Table 4. Panel A presents the estimates and p-values

of the α and β coefficients where standard errors are computed via a bootstrap with 100

replications and repeated-imputation inference. Panel B contains test statistics and p-values

for Wald tests of parameter stability across survey waves. Our econometric approach jointly

estimates parameters from both waves in a single model and so these tests account for

non-zero covariances in the limiting distributions of parameters across waves. Our primary

interest in Panel A Table 4 is in the β coefficients that load onto the values of human capital,

residential real estate and business wealth, respectively. Our iterative estimation technique

directly accounts for the fact that the value of human capital that enters as a RHS variable

in these regressions is dependent on its risk and therefore the value of β that we estimate

(see 2.5 for details).

The presence of background assets (in the form of human capital, residential property

or business equity) has a significant negative effect on optimal portfolio allocations to risky

assets. Prior to the financial, crisis we estimate a value of β of between 0.41 and 0.45 for

all three sources of background risk. Human capital has the largest β, with a one percent

increase in the ratio of human capital to total wealth leading to a decrease in optimal equity

market allocation of 0.45% while business wealth has the smallest coefficient.13 From 2007

to 2009, each of these coefficients falls by approximately 0.07 to lie between 0.34 and 0.38.

The β related to human capital remains the largest while the β related to business wealth

remains the smallest. Wald tests in Panel B indicate that the changes in coefficients are

significant at the 5% level for human capital and business wealth, and at the 10% level for

residential real estate. These results demonstrate that background risk hedging demands

13Note that the beta coefficients are multiplied by −1 when they enter our structural model and so a positive
coefficient implies a negative effect of non-tradable wealth on portfolio allocations to risky assets.
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decreased over the Great Recession for given exposure to background risks.

The α coefficient loads onto the household’s risk tolerance and captures the average

perceived risk-adjusted equity premium in each period. This ratio changed from 2.009 in the

2007 wave to 1.6631 in the 2009 wave. The p-value from a test of parameter equality across

waves is rejected at the 5% level. We conclude that households perceive significantly worse

risk-adjusted equity market performance after the crisis compared with before.

Panel C of Table 4 reports cross-sectional averages of (i) households’ perceived variance of

market excess returns, (ii) the risk-adjusted discount rate applied to human capital, (iii) the

risk-adjusted value of human capital and (iv) the covariances of the returns on background

assets and the excess return on the stock market. The perceived variance of market excess

returns is obtained by dividing each household’s perceived risk premium by the α coefficient

from Panel A. On average, the numerator for this expression increases from 0.0695 to 0.1001

from before to after the crisis, while the denominator (α) reduces from 2.009 to 1.6631.

Together these lead to an increase in the average perceived variance of market excess return

from 0.0348 to 0.0603.14

The human capital discount rate is calculated for each household according to Equation

(5) and depends on the risk-free rate, the estimated β coefficients from Panel A, the market

risk premium and variance of market excess returns, average risk-adjusted non-tradable

wealth allocations across the economy (b̄t) and the variance of human capital return. Echoing

findings of Huggett and Kaplan (2016), the risk-adjusted discount rate on human capital

greatly exceeds the risk-free rate. In 2007, the average gross discount rate is 1.1258 while

the corresponding value in 2009 is 1.1347. These estimates imply that households perceive

significant risk in the discounted value of future labor income. Using each household’s specific

discount rate, we then estimate the average dollar value of human capital in each period as

$759,476 in 2007 and $698,126 in 2009. The corresponding values using the risk-free discount

rate are $2.76m and $2.43m (see Panel A of Table 1).

14The ratio of the averages is not equivalent to the average of the ratio due to Jensen’s inequality.
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Finally, we compute the covariances of the returns on human capital, residential real

estate and business wealth with the market excess return as the product of the respective

β coefficients and the estimated variance of market excess returns. The β coefficients fall

by around 15% while the variance of human capital nearly doubles. Hence these covariance

terms all increase substantially from 2007 to 2009 under our baseline calibrations.

A substantial literature (reviewed in the introduction) relates time-series estimates of re-

alized background risks to future risk-taking behavior of households. Among these studies,

Palia et al. (2014) is most relevant for our work because these authors distinguish between the

same three sources of background risk, as we do in our analysis. Palia et al. (2014) estimate

realized correlations between returns on the CRSP value-weighted NYSE/AMEX/NASDAQ

stock market index and households’ growth rates of labor income, home equity and business

income over the period 1983 to 2008, using data collected in the nine waves of the PSID be-

tween 1984 and 2009 that contain complete wealth information. They also estimate realized

volatilities of these sources of background risks, allowing us to compute realized covariances

for our three sources of background risk. These figures are 0.011, 0.0018 and 0.0018 for

human capital, residential real-estate and business wealth respectively. Each of these esti-

mates are at least an order of magnitude smaller than the perceived covariance terms that

we estimate, implying that households perceive these risks as more important than would be

justified by experienced outcomes alone when forming portfolios. Notably, this holds before

and after the Great Recession.

A key takeaway from the evidence presented in Table 4 is that appropriate accounting

of the risk inherent in labor income affords a much different view of the household balance

sheet than obtained under the assumption of risk-free human capital. Table 5 explores this

further by computing cross-sectional averages of household wealth allocations before and

after the Great Recession using (i) the risk-adjusted human capital discount rate based on

parameters in Tables 3 and 4 and (ii) the risk-free rates in both periods. Panel A contains

these allocations derived under the risk-adjusted discount rate and Panel B contains the
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allocations using the real return on cash (i.e. the risk-free discount rate).

Failing to account for its risk leads to an overestimation of the wealth allocation in

human capital of more than 10 percentage points. Using the risk-adjustment, human capital

accounts for 66% and 65% of total wealth on average in 2007 and 2009 respectively. Using

the risk-free rate, these figures are 79% and 77% respectively. For homeowners, the risk-

free discount rate overestimates the human capital wealth allocation by around 13 to 14

percentage points in both periods. For business owners, the equivalent figures are 15 and

14 percentage points. Panel A of Table 5 further shows that allocations of total wealth

to background assets remained mostly unchanged over the Great Recession. The average

allocations to human capital, residential property and proprietary business are 66%, 25%

and 3% respectively in 2007 and 65%, 25% and 3% respectively in 2009. Thus, changes in

background risk hedging demands across the Great Recession are mostly due to changes in

perceived betas.

Since all other values are reported directly in the SCF data, and so do not depend on

estimated parameters, wealth allocations to other assets at the household level all vary by a

factor equal to the ratio of total wealth using the risk-free discount rate to total wealth using

the risk-adjusted discount rate. However, since wealth allocations at the household level

are not identical, the scaling factor differs across households and the cross-sectional average

wealth allocations across households are not shifted by a constant factor, due to Jensen’s

Inequality. Using the risk-free discount rate most significantly underestimates the allocation

to residential property while business wealth is the least underestimated.

4.2 Results from alternative calibrations

Our structural estimates rely on calibration of parameters characterizing the household’s

portfolio choice problem, including risk aversion, the market risk premium and the variance

of human capital. For risk aversion, we rely on a large literature that establishes reasonable

values for the parameters we require. This is more difficult for the equity premium and the
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variance of human capital. We therefore re-estimate our structural model using alternative

values for these parameters, as described in Section 3.2 and presented in Table 3.

First, we change the equity premium for households expecting a “worse”, “same” and

“better” state of the economy from 1.14%, 5.51% and 14.94% in 2007 with 5.51%, 14.94%

and 14.94% respectively. For 2009, we change the corresponding values from 1.14%, 5.51%

and 14.94% to 1.14%, 1.14% and 5.51% respectively. We choose these parameters to ensure

that allowing for different expectations of equity premia before and after the financial crisis

does not affect our β estimates. These results are presented in Table A.1 in the Appendix.

As per these results, our estimates of the α and β terms as well as the human capital

discount rate and value of human capital are essentially unchanged from our main results.

Changing the calibrated equity premium affects the variance of market excess returns, since

the ratio of these two terms is determined by the estimated α in each period. Whereas in our

main results, this perceived variance term doubles from before to after the crisis, using our

alternative calibration we now estimate a substantial reduction in this term. This also affects

the estimated covariance terms, since these are determined by the β terms multiplied by the

perceived variance of market excess returns. These are now larger in the pre-crisis period

and smaller in the post-crisis period compared with our main results, but most importantly

remain nearly an order of magnitude larger than realized covariances estimated by Palia

et al. (2014).

Our second robustness test revolves around recalibrating the variance of human capital.

Here, we replace the volatility of income group for all households reporting that they usually

do not have a good idea of next year’s income with the variances implied by the income

process estimates for the high income risk group from Calvet et al. (2021). Our baseline uses

the variances implied by the income process estimates for the medium income risk group

from Calvet et al. (2021) for these households. Again, our structural estimates of α and β

are essentially unchanged, as are the perceived variance of market excess returns and non-

tradable wealth covariances. Since we are weakly increasing the variance of human capital
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for all households in our sample, we obtain higher average human capital discount rates and

lower average values of human capital in this robustness. The differences are of the order of

0.7-0.8 percentage points and approximately $30,000 in each period respectively.

5 Results from an extended model with demographic covariates

Our structural model relates households’ financial risk-taking around the Great Recession

to risk tolerance and the allocations of total wealth to the three background assets, human

capital, residential property, and proprietary business. We now extend the panel Tobit model

in Equations (10) to (12) to allow for additional demographic explanatory variables and an

intercept. As a result of this extension, the coefficients of risk tolerance and the shares of

total wealth allocated to background assets lose their structural interpretation as α and β,

respectively. Summary statistics for the additional variables are given in Panel B of Table

2. Following standard practices in panel data econometrics, we add these variables with

time-invariant coefficients, while we continue allowing for time-varying coefficients for the

variables motivated by our structural model.

The panel Tobit estimation results are given in Panel A of Table 6. The dependent

variable is again the left-censored share of total wealth allocated to stocks (Xit). Columns

(2) and (3) contain the estimated coefficients of the latent allocation equation (X∗it) and their

p-values. Columns (4) and (5) show estimated average partial effects (APEs) for the total

share of wealth allocated to stocks conditional on stock market participation, E[X∗it|X∗it > 0],

and the probability of participation, Pr(X∗it > 0), respectively. These APEs are weighted by

the population weights provided in the SCF and result from scaling the parameter estimates

in Column (2) with a strictly positive factor that is equal to the CDF of a standard normal

distribution in Column (4) and its PDF in column (5).15 The estimated p-values for the

15Specifically, the partial effects for the k-th continuous explanatory variable are ∂E[X∗
it|X

∗
it>0]/∂Zk

it =
δkΦ (Zitδ/σε) and ∂Pr(X∗

it>0)/∂Zk
it = δkφ (Zitδ/σε), where Zit denotes the row vector of explanatory vari-

ables and δ the column vector of coefficients. The APEs are weighted sample averages of these expressions,
in which the unknown parameters are replaced by their ML estimates.
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APEs are nearly identical to those reported in Column (3) and therefore unreported.

Starting the discussion of results in Table 6 with the variables that are motivated by the

structural model, a 0.1 increase in risk tolerance increases the probability of stock market

participation by about 28 percentage points, and the conditional allocation to stocks by

about 1.8 percentage points. Compared to the estimation results for the structural model,

the impact of risk tolerance is considerably reduced. However, the estimated coefficients

of the allocations of total wealth to the three background assets remain mostly unchanged.

Among these coefficients, the one related to human capital is still the largest in absolute

value both before and after the Great Recession. A 10 percentage point increase in the

human capital share decreases participation by 24 (20) percentage points before (after) the

Great Recession and the conditional allocation to stocks by 1.54 (1.28) percentage points.

The share of total wealth in residential property now has the smallest impact among

the background asset shares on financial risk-taking. A 10 percentage point increase in the

property share decreases participation by 23 (18) percentage points before (after) the Great

Recession and the conditional allocation to stocks by 1.46 (1.22) percentage points. These

results are consistent with households considering their exposure to these asset classes as

background risks that affect their portfolio choice. All shares of total wealth allocated to

background assets remain highly significant at the 1% level in the extended model.

Panel B of Table 6 contains results from Wald tests of parameter stability between waves.

For the shares of total wealth allocated to background assets, the Wald tests reject the null

of stability at the 5% level, indicating that there is strong evidence in favor of a time-varying

specification, similar to the results of the structural model. However, the Wald test for risk

tolerance does does not suggests a time-varying impact of this variable across the Great

Depression in the extended model with additional demographic variables.

Regarding the demographic variables in our extended model, controlling for a time effect

but excluding a cohort effect for identification,16 the age of the respondent does not have a

16Time, cohort, and age are perfectly collinear and therefore cannot be identified separately.
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significant effect on financial risk-taking. This is in line with the age profile of the conditional

share of financial assets in stocks estimated by Ameriks and Zeldes (2004) from 1989—1998

SCF data, which is mostly flat before retirement under the same identifying assumption.

Other mostly time-invariant demographic variables including marital status, the number

of children, and self-reported poor health do not significantly affect household portfolio

choice. The absence of a health effect stands in contrast to earlier findings by Rosen and

Wu (2004). An obvious explanation for our result is the exclusion of retired households

who are arguably more likely to consider poor health status, and the associated unexpected

out-of-pocket health expenses, as a background risk for portfolio choice decisions.

Interestingly, education has no significant impact on risk-taking either. To understand

this, recall that we use education-specific self-reported information on the riskiness of house-

hold income to calibrate the variance of human capital return, which enters the discount rate

used for the calculation of risk-adjusted human capital. In Table A.3 in the Appendix, we

repeat the panel Tobit regression with demographic covariates in Table 6 but use the risk-

free measure of human capital instead. Education significantly affects financial risk-taking

in this alternative specification, which does not employ education-specific information for

the calculation of the human capital discount rate. Compared to a household with at least

some college education, a household with high school education is significantly less likely

to participate in the stock market and allocates less to stocks conditional on participation,

similar to results obtained by Van Rooij, Lusardi, and Alessie (2011). This effect of educa-

tion disappears once human capital is appropriately adjusted for its underlying risk. This

suggests that the primary effect of education on portfolio choice stems from how education

affects wealth in the form of human capital, rather than a direct cognitive effect that allows

households to better “understand” the importance of asset allocation.

We include a dummy variable that equals unity if the respondent or (if present) their

partner experienced an unemployment spell in the year before the interview. This variable

can be interpreted either as a proxy of income and employment risk or as an experience
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indicator that affects subsequent risk-taking for behavioral reasons as in Malmendier and

Nagel (2011) and Knüpfer, Rantapuska, and Sarvimäki (2017). According to Table 2, average

unemployment experience rose from 11% in 2007 to 17% in 2009, consistent with earlier

findings by Hurd and Rohwedder (2010) and Christelis, Georgarakos, and Jappelli (2015)

for the Great Recession. However, we do not find any evidence for a significant effect of this

variable on portfolio choice. This remains true at the 5% significance level when we use the

risk-free measure of human capital.

Log total wealth is statistically significant at 1% level and positively affects the share of

total wealth allocated to stocks consistent with Heaton and Lucas (2000a). Stock market par-

ticipation costs as in Vissing-Jørgensen (2002) can explain such a positive effect of wealth on

risk-taking. Using professional financial advice does not significantly affect portfolio choice.

Lastly, we find strong evidence in support for correlation in the unobserved component of

the household decision-making process across waves. This random effect accounts for 61%

of the total variation in the unobserved component.

In summary, the variables that are motivated by our structural portfolio choice model, risk

tolerance and the allocations of total wealth to background assets, remain the economically

and statistically most significant correlates of observed portfolio choice in an extended model

that allows for additional demographic covariates. Among these additional variables only

total wealth, as defined in Equation (1), significantly contributes to explaining the cross-

sectional variation in household risk-taking. Importantly, while the size of the effect of risk

tolerance on portfolio choice changes, the impact of background assets on portfolio choice

remains mostly unchanged. Background risk hedging demands related to human capital,

residential property and proprietary business significantly reduce financial risk-taking before

and after the Great Recession, but their impact significantly declined from before to after

the financial crisis.
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6 Conclusion

Households face a variety of uninsurable background risks that can affect their demand

for risky assets. These risks can be due to non-tradable human capital or ownership of

large, illiquid, indivisible assets with high transaction costs such as residential property

or proprietary business. Using a large and representative panel of U.S. households, we

investigate whether background risk hedging demands changed across the Great Recession.

We demonstrate how portfolio choice theory can guide us to identify average background

risk hedging demands from cross-sectional data. Given the allocations of total wealth allo-

cated to non-tradable assets, hedging demands in our framework are determined by asset

pricing betas, i.e., ratios of covariances of the returns on non-tradable assets and the stock

market, divided by the variance of stock market returns. Traditional approaches that rely

on estimating background risks from typically infrequent observations of household micro

data are unable to identify changes in hedging demands over a short period of time. Our

novel approach allows us to estimate background risk hedging demands immediately before

and after the Great Recession from both waves of the 2007—09 panel Survey of Consumer

Finances using a random effects panel Tobit specification.

We estimate economically and statistically significant betas related to human capital,

residential property and proprietary business in 2007 and 2009. For each of these sources

of perceived background risk, we document a large and statistically significant decline in

average beta after the Great Recession, which reduced hedging demands for given exposures

to background risks. Allocations of total assets to non-tradable assets, including a risk-

adjusted estimate of human capital, reflect households’ exposures to background risks, and

remained largely unaffected over the Great Recession on average. We show that the resulting

reductions in hedging demands were offset by a reduction in the speculative demand for risky

assets due to a significant decline in the perceived risk-adjusted equity premium, accompanied

by a modest decrease in risk tolerance. As a result, the average overall demand for risky

assets hardly changed over the Great Recession.
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Tables and Figures

Table 1: Household wealth and financial risk-taking

This table contains mean dollar holdings by asset class (Panel A), transition probabilities for stock holding
status (Panel B) and mean financial wealth allocations between stocks and cash and bonds (Panel C) in 2007
and 2009. Wealth holdings are reported in 2013 dollars while stock ownership transition probabilities and
wealth allocations are reported as decimals. Separate statistics are reported for all households, homeowners
and households that own private business assets (“business owners”). Total wealth is as the sum of liquid
financial wealth, the risk-free value of human capital, residential property assets and business net equity.
Financial wealth is holdings of stocks, bonds, cash and cash equivalents, both from direct and indirect
sources (funds). Risk-free human capital is the capitalized real labor income assuming a discount rate of 5%
and a retirement age of 65. Residential property includes both owner-occupied and investment properties.
Business equity is net of loans. All employed households with positive labor income of a least $1,000, at
least $1,000 of financial wealth and non-negative business equity are included. There are 1,601 households
in our final sample.

All households Home owners Business owners

A. Mean dollar amounts 2007 2009 2007 2009 2007 2009

Percentage of all households 1.00 1.00 0.85 0.87 0.15 0.16

Total wealth (with risk-free human capital) 2,759,346 2,426,848 2,940,928 2,564,558 4,914,890 3,902,715

Financial wealth 153,363 143,127 175,649 160,736 485,078 383,044

Human capital (risk-free value) 2,094,788 1,835,595 2,164,685 1,892,513 2,743,349 2,077,699

Residential property value 353,538 309,107 418,277 355,675 621,502 555,135

Proprietary business equity 157,657 139,018 182,317 155,634 1,064,961 886,836

All households Home owners Business owners

B. Stock market participation S09 = 1 S09 = 0 S09 = 1 S09 = 0 S09 = 1 S09 = 0

Stockholder in 2007 (S07 = 1) 0.27 0.09 0.29 0.09 0.39 0.14

Non-Stockholder in 2007 (S07 = 1) 0.10 0.55 0.10 0.51 0.09 0.38

Stock owners Home and stock owners Business and stock owners

C. Mean allocations of financial wealth 2007 2009 2007 2009 2007 2009

Stocks 0.35 0.33 0.35 0.33 0.36 0.37

Cash and bonds 0.65 0.67 0.65 0.67 0.64 0.63
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Table 2: Self-reported preferences, perceptions and covariates

This table contains means and standard deviations for responses to survey items on risk attitudes, economic
expectations and income predictability (Panel A) and household demographic characteristics (Panel B).
Answers to survey responses are all indicator variables with the value one corresponding to agreement with
the statement. Age and years to retirement are measured in years divided by ten. Education, gender,
marital status, health status, unemployment spells and financial advice are all dummy variables. In poor
health equals unity if either the respondent or their partner (if present) evaluate their health status as fair or
poor. Unemployment spell refers to the experience of the respondent or (if present) their partner in the year
prior to the survey. Professional financial advice includes that obtained from financial consultants including
accountants, lawyers, and financial planners.

2007 2009

Variable Mean Std. dev. Mean Std. dev.

A. Preferences and perceptions

Take substantial financial risks 0.05 0.21 0.05 0.21

Take above average financial risks 0.27 0.44 0.19 0.39

Take average financial risks 0.48 0.50 0.50 0.50

Not willing to take any financial risks 0.21 0.41 0.27 0.44

Economy performs better than over last 5 years 0.29 0.45 0.57 0.50

Economy performs worse than over last 5 years 0.29 0.45 0.20 0.40

Economy performs same as over last 5 years 0.42 0.49 0.23 0.42

Usually have good idea of next year’s income 0.82 0.38 0.80 0.40

B. Covariates

Age 4.45 1.02 4.66 1.02

Years to retirement 2.05 1.02 1.84 1.02

Less than high school education 0.04 0.19 0.04 0.19

High school education 0.23 0.42 0.22 0.41

More than high school education 0.73 0.44 0.75 0.44

Female 0.16 0.36 0.16 0.37

Married 0.74 0.44 0.69 0.46

Number of children 1.01 1.10 0.97 1.09

In poor health 0.19 0.39 0.18 0.39

Unemployment spell 0.11 0.32 0.17 0.38

Used professional financial advice 0.38 0.49 0.36 0.48
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Table 3: Parameter calibration

This table contains information on calibrated parameters used in our structural estimation. Panel A presents
various percentiles of the coefficients of relative risk aversion from Calvet et al. (2021). Panel B presents
calibrated expectations of returns on financial assets for households expecting worse, similar or better eco-
nomic conditions in the future than were experienced in the five years prior to the survey. Panel C presents
calibrated income volatility by education level and self-reported income predictability, taken from Calvet
et al. (2021). Panel D presents means and standard deviations for the final calibrated parameters: relative
risk tolerance, the equity premium, and the variance of the return to human capital. Panels B and C also
present alternatives to our baseline values for financial asset returns and income volatility that are used in
separate robustness analysis.

2007 2009

Variable Baseline Robustness Baseline Robustness

A. Relative risk aversion

10th percentile 4.6 4.6 4.6 4.6

25th percentile 4.9 4.9 4.9 4.9

Average 5.24 5.24 5.24 5.24

90th percentile 5.9 5.9 5.9 5.9

B. Return on financial assets

Real return on cash -0.15 -0.15 0.29 0.29

Equity premium in worse economy 1.14 5.51 1.14 1.14

Equity premium in same economy 5.51 14.94 5.51 1.14

Equity premium in better economy 14.94 14.94 14.94 5.51

C. Volatility of income growth

Less than high school education - low 17.9 17.9 17.9 17.9

High school education - low 23.34 23.34 23.34 23.34

More than high school education - low 29.06 29.06 29.06 29.06

Less than high school education - high 17.85 22.26 17.85 22.26

High school education - high 22.21 23.56 22.21 23.56

More than high school education - high 28.37 31.55 28.37 31.55

D. Implied risk tolerance and perceptions Mean Std. dev. Mean Std. dev.

Relative risk tolerance 0.1911 0.0132 0.1889 0.0135

Equity premium - baseline 0.0695 0.0538 0.1001 0.0586

Equity premium - robustness 0.1221 0.0428 0.0363 0.0216

Variance of human capital return - baseline 0.0465 0.0079 0.0471 0.0075

Variance of human capital return - robustness 0.0536 0.0203 0.0549 0.0204
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Table 4: Structural parameter estimates

This table contains estimates of the structural parameters of our portfolio choice model described in Section
2.4 under our baseline parameter calibrations. Panel A presents the estimates and p-values of the α and
β coefficients where standard errors are computed via a bootstrap using 100 replications with repeated-
imputation inference and are weighted using survey sampling weights. Panel B contains test statistics
and p-values for Wald tests of structural parameter stability across survey waves. Panel C of Table 4
reports cross-sectional averages of (i) households’ perceived variance of market excess returns, (ii) the risk-
adjusted discount rate applied to human capital, (iii) the risk-adjusted value of human capital and (iv) the
covariances of non-tradable wealth and market excess returns. The perceived variance of market excess
returns is obtained by dividing each household’s perceived risk premium by the α coefficient from Panel A.
Covariances of human capital, residential real estate and business wealth with market excess returns are the
product of the respective β coefficients and the estimated variance of market excess returns.

2007 2009

A: Panel Tobit estimation results Estimate p-value Estimate p-value

Alpha 2.0009 0.00 1.6631 0.00

Human Capital beta 0.4526 0.00 0.3787 0.00

Housing Beta 0.4287 0.00 0.3576 0.00

Business Beta 0.4112 0.00 0.3365 0.00

B: Parameter stability tests Wald p-value

Alpha 4.07 0.04

Human Capital Beta 4.59 0.03

Housing Beta 3.59 0.06

Business Beta 4.17 0.04

C: Implied risk perceptions Mean Std. Dev. Mean Std. Dev.

Variance of market excess return 0.0348 0.0031 0.0603 0.0058

Human capital discount rate 1.1258 0.0016 1.1347 0.0025

Risk-adjusted value of human capital 759,476 18,450 698,126 17,642

Cov[Rhuct+1, R
m
t+1] 0.0157 0.0004 0.0228 0.0006

Cov[Rhout+1, R
m
t+1] 0.0149 0.0005 0.0215 0.0007

Cov[Rbust+1, R
m
t+1] 0.0143 0.0005 0.0203 0.0008
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Table 5: Household wealth allocations

This table contains cross-sectional averages of household wealth allocations before and after the Great Re-
cession using the risk-adjusted human capital discount rate based on parameters in Tables 3 and 4 (Panel
A) and these allocations using the risk-free discount rate for human capital (Panel B). Separate statistics
are reported for all households, homeowners and households that own private business assets (“business
owners”).

All households Home owners Business owners

2007 2009 2007 2009 2007 2009

A. Human capital evaluated at expected real return

Percentage of all households 1.0000 1.0000 0.8452 0.8691 0.1480 0.1568

Financial wealth 0.0615 0.0639 0.0639 0.0665 0.0919 0.0773

Stocks 0.0154 0.0138 0.0163 0.0150 0.0303 0.0244

Cash and bonds 0.0461 0.0500 0.0476 0.0515 0.0616 0.0529

Human capital 0.6577 0.6501 0.6072 0.6065 0.4668 0.4620

Residential property value 0.2543 0.2589 0.3009 0.2979 0.2623 0.2880

Proprietary business equity 0.0265 0.0271 0.0281 0.0290 0.1790 0.1727

B. Human capital evaluated at real return on cash

Financial wealth 0.0389 0.0440 0.0427 0.0477 0.0690 0.0602

Stocks 0.0100 0.0097 0.0111 0.0108 0.0232 0.0197

Cash and bonds 0.0289 0.0343 0.0316 0.0369 0.0458 0.0405

Human capital 0.7863 0.7671 0.7522 0.7361 0.6168 0.6001

Residential property value 0.1550 0.1677 0.1834 0.1930 0.1808 0.2047

Proprietary business equity 0.0197 0.0212 0.0217 0.0232 0.1333 0.1350
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Table 6: Stock market allocation panel tobit estimates

This table contains estimates of the parameters of our portfolio choice model described in Section 2.4 aug-
mented with household demographic variables and an intercept term using our baseline parameter calibra-
tions. Panel A presents the estimates and p-values of the coefficients where standard errors are computed
via a bootstrap using 100 replications with repeated-imputation inference and are weighted using survey
sampling weights. Panel B contains test statistics and p-values for Wald tests of parameter stability for the
effect of risk tolerance and non-tradable wealth across survey waves.

A: Panel Tobit estimation results Estimate p-value E[X∗it|X∗it > 0] Pr(X∗it > 0)

Intercept 0.0939 0.12

2009 -0.0862 0.10 -0.0262 -0.4085

Age -0.0010 0.62 -0.0003 -0.0049

Less than high school education -0.0073 0.59 -0.0022 -0.0348

High school education -0.0075 0.11 -0.0023 -0.0359

Female -0.0118 0.09 -0.0036 -0.0561

Married -0.0062 0.23 -0.0019 -0.0296

Has children -0.0010 0.51 -0.0003 -0.0047

In poor health 0.0007 0.89 0.0002 0.0031

Unemployment spell 0.0049 0.27 0.0015 0.0234

Used professional financial advice 0.0040 0.18 0.0012 0.0190

Log total wealth 0.0170 0.00 0.0052 0.0807

Risk tolerance (2007) 0.5703 0.00 0.1734 2.7084

Share of wealth in human capital (2007) -0.5056 0.00 -0.1538 -2.4020

Share of wealth in residential property (2007) -0.4793 0.00 -0.1458 -2.2769

Share of wealth in proprietary business (2007) -0.4845 0.00 -0.1474 -2.3018

Risk tolerance (2009) 0.6158 0.00 0.1873 2.9240

Share of wealth in human capital (2009) -0.4220 0.00 -0.1284 -2.0057

Share of wealth in residential property (2009) -0.3887 0.00 -0.1183 -1.8478

Share of wealth in proprietary business (2009) -0.3995 0.00 -0.1215 -1.8988

Standard deviation of εit 0.0351 0.00

Standard deviation of νi 0.0443 0.00

B: Parameter stability tests Wald p-value

Risk tolerance 0.10 0.75

Share of wealth in human capital 3.97 0.05

Share of wealth in residential property 3.71 0.05

Share of wealth in proprietary business 3.86 0.05
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Figure 1: S&P 500, house prices and returns to human capital and business equity

This figure depicts the S&P 500 stock price index (S&P 500) from January 2003 to January 2013 along with
aggregate counterparts of the sources of background risks we investigate at household level: the Case-Shiller
National Home Price index (Case Shiller), an index of wages and salaries in private industries (Wage income,
obtained from the National Income and Product Accounts, NIPA), and an index of income from proprietary
non-farming business (Business income, from NIPA). Vertical gray shading corresponds to the windows over
which interviews were conducted for the two waves of the SCF panel used in our analysis.
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Appendix

A.1 Asset pricing implications of Eiling (2013)

We derive the asset pricing implications in Equation (5) of the portfolio choice model with

background assets. The derivation follows the Internet Appendix to Eiling (2013), adjusted

to our notation.17 From Equation (4), we obtain the total demand for risky assets from the

It investors in the economy at time t:

Dt =
It∑
i=1

Aitx
∗
it =

It∑
i=1

τitWitV ar[R
e
t+1]

−1E[Re
t+1]−

It∑
i=1

BitV ar[R
e
t+1]

−1Cov[Re
t+1, R

b
t+1]yit.

(15)

Let St = (S1t, . . . , S1t)
′ denote the aggregate dollar supply for N risky tradable assets.

Expressed as shares of total supply, the supply vector becomes ωt = St/ι′NSt,, where ιN is a

N × 1 vector of ones. Then total supply in the economy equals to:

St = ωt

It∑
i=1

Ait. (16)

Setting demand equal to supply, Dt = St, in equilibrium and solving for ωt, we obtain:

ωt = τNtV ar[R
e
t+1]

−1E[Re
t+1]− V ar[Re

t+1]
−1Cov[Re

t+1, R
b
t+1]πNt (17)

where

τNt =

∑It
i=1 τitWit∑It
i=1Ait

, πNt =

∑It
i=1Bityit∑It
i=1Ait

. (18)

Noting that V ar[Re
t+1]ωt = Cov[Re

t+1, R
m
t+1], where Rm

t+1 is the excess return on the market

portfolio, (17) can be rewritten as:

E[Re
t+1] = τ−1NtCov[Re

t+1, R
m
t+1] + Cov[Re

t+1, R
b
t+1]b̄t, (19)

17Eiling (2013) expresses the holdings of background assets, yit, as fractions of financial wealth, while we
express them as fractions of the total value of background assets to show that the optimal portfolio in (4)
resembles the ones in Equations (6.11) and (6.45) in Campbell and Viceira (2002).
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where b̄t = τ−1Nt πNt is defined in (6). This equation holds as well for the market excess return:

E[Rm
t+1] = τ−1NtV [Rm

t+1] + Cov[Re
t+1, R

b
t+1]b̄t. (20)

Solving (20) for V [Rm
t+1] and replacing Cov[Re

t+1, R
m
t+1] in (19) with βjV [Rm

t+1] where βj =

Cov[Rjt+1,R
m
t+1]/V ar[Rmt+1] yields Equation (5) in the main text.

A.2 Standard errors with repeated-imputation inference

Standard errors for our structural model of portfolio choice and this model of portfolio choice

augmented with demographic variables are obtained via a bootstrap procedure that directly

accounts for the presence of an iteratively estimated parameter in the value of the human

capital that appears on the RHS.

For each bootstrap replication, we re-sample with replacement from all 1,601 households

in our sample, retaining observations for all implicates and waves for each household. We

then estimate the models five times by Maximum Likelihood for each of the five implicates of

the SCF, saving the estimated coefficients for each replication. The final variance-covariance

(VC) matrix for each implicate is obtained as the sample variance-covariance matrix using

the estimates from each bootstrap replication for that implicate. Let V̂i be this estimator of

the asymptotic VC matrix of the iterative point estimators of these parameters, denoted as

θ̂i, for implicate i = 1, . . . , 5.

We use standard techniques of repeated-imputation inference (Rubin, 2004), as demon-

strated here for the estimated coefficients. The final point estimate is the average of the

estimates obtained for the five implicates using the full sample, θ̂ = 1
5

∑5
i=1 θ̂i. The final VC

matrix estimator, V̂ , is the sum of the average bootstrapped VC matrix estimators obtained

for the five implicates, V̂within = 1
5

∑5
i=1 V̂i (within-imputation variance), and 1.2 times the

between-imputation variance estimated as V̂between = 1
4

∑5
i=1(θ̂i − θ̂)(θ̂i − θ̂)′. Denote the

kth element of θ̂ by θ̂k and the kth diagonal element of V̂ by V̂k. The Wald test statistic
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(θ̂k)
2/V̂k for the kth explanatory variable is χ2-distributed with one degree of freedom (Mon-

talto and Yuh, 1998). To facilitate interpretation, we present the p-value associated with

this test statistic in all result tables. APEs are also estimated for each bootstrap replication

and their point estimates, test statistics and p-values are obtained identically to our latent

parameter estimates. All estimation uses survey sampling weights.
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Table A.1: Structural parameter estimates with alternative equity risk premia

This table contains estimates of the structural parameters of our portfolio choice model described in Section
2.4 using our alternative parameter calibration for households’ expected equity risk premia, as outlined in
Table 3. Panel A presents the estimates and p-values of the α and β coefficients where standard errors are
computed via a bootstrap using 100 replications with repeated-imputation inference and are weighted using
survey sampling weights. Panel B contains test statistics and p-values for Wald tests of structural parameter
stability across survey waves. Panel C of Table 4 reports cross-sectional averages of (i) households’ perceived
variance of market excess returns, (ii) the risk-adjusted discount rate applied to human capital, (iii) the
risk-adjusted value of human capital and (iv) the covariances of non-tradable wealth and market excess
returns. The perceived variance of market excess returns is obtained by dividing each household’s perceived
risk premium by the α coefficient from Panel A. Covariances of human capital, residential real estate and
business wealth with market excess returns are the product of the respective β coefficients and the estimated
variance of market excess returns.

2007 2009

A: Panel Tobit estimation results Estimate p-value Estimate p-value

Alpha 2.0008 0.00 1.6632 0.00

Human Capital beta 0.4525 0.00 0.3788 0.00

Housing Beta 0.4287 0.00 0.3577 0.00

Business Beta 0.4112 0.00 0.3365 0.00

B: Parameter stability tests Wald p-value

Alpha 4.07 0.04

Human Capital Beta 4.59 0.03

Housing Beta 3.59 0.06

Business Beta 4.16 0.04

C: Implied risk perceptions Mean Std. Dev. Mean Std. Dev.

Variance of market excess return 0.0611 0.0053 0.0219 0.0021

Human capital discount rate 1.1256 0.0016 1.1352 0.0025

Risk-adjusted value of human capital 760,288 18,374 696,714 17,710

Cov[Rhuct+1, R
m
t+1] 0.0276 0.0005 0.0083 0.0002

Cov[Rhout+1, R
m
t+1] 0.0262 0.0007 0.0078 0.0003

Cov[Rbust+1, R
m
t+1] 0.0251 0.0008 0.0074 0.0003
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Table A.2: Structural parameter estimates with alternative variance of human capital

This table contains estimates of the structural parameters of our portfolio choice model described in Section
2.4 using our alternative parameter calibration for households’ perceived variance of human capital returns,
as outlined in Table 3. Panel A presents the estimates and p-values of the α and β coefficients where
standard errors are computed via a bootstrap using 100 replications with repeated-imputation inference and
are weighted using survey sampling weights. Panel B contains test statistics and p-values for Wald tests
of structural parameter stability across survey waves. Panel C of Table 4 reports cross-sectional averages
of (i) households’ perceived variance of market excess returns, (ii) the risk-adjusted discount rate applied
to human capital, (iii) the risk-adjusted value of human capital and (iv) the covariances of non-tradable
wealth and market excess returns. The perceived variance of market excess returns is obtained by dividing
each household’s perceived risk premium by the α coefficient from Panel A. Covariances of human capital,
residential real estate and business wealth with market excess returns are the product of the respective β
coefficients and the estimated variance of market excess returns.

2007 2009

A: Panel Tobit estimation results Estimate p-value Estimate p-value

Alpha 2.0088 0.00 1.6762 0.00

Human Capital beta 0.4558 0.00 0.3829 0.00

Housing Beta 0.4312 0.00 0.3609 0.00

Business Beta 0.4151 0.00 0.3393 0.00

B: Parameter stability tests Wald p-value

Alpha 3.90 0.05

Human Capital Beta 4.34 0.04

Housing Beta 3.52 0.06

Business Beta 4.22 0.04

C: Implied risk perceptions Mean Std. Dev. Mean Std. Dev.

Variance of market excess return 0.0346 0.0031 0.0598 0.0057

Human capital discount rate 1.1426 0.0021 1.1535 0.0031

Risk-adjusted value of human capital 730,698 17,938 667,063 16,959

Cov[Rhuct+1, R
m
t+1] 0.0158 0.0004 0.0229 0.0006

Cov[Rhout+1, R
m
t+1] 0.0149 0.0005 0.0216 0.0007

Cov[Rbust+1, R
m
t+1] 0.0144 0.0005 0.0203 0.0008
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Table A.3: Stock market allocation panel tobit estimates with risk-free human capital

This table contains estimates of the parameters of our portfolio choice model described in Section 2.4 aug-
mented with household demographic variables and an intercept term where human capital is discounted
at the expected real return on cash. Panel A presents the estimates and p-values of the coefficients where
standard errors are computed via a bootstrap using 100 replications with repeated-imputation inference and
are weighted using survey sampling weights. Panel B contains test statistics and p-values for Wald tests of
parameter stability for the effect of risk tolerance and non-tradable wealth across survey waves.

A: Panel Tobit estimation results Estimate p-value E[X∗it|X∗it > 0] Pr(X∗it > 0)

Intercept 0.1676 0.00

2009 -0.0964 0.03 -0.0280 -0.6011

Age -0.0019 0.30 -0.0005 -0.0117

Less than high school education -0.0083 0.27 -0.0024 -0.0520

High school education -0.0086 0.01 -0.0025 -0.0539

Female -0.0097 0.03 -0.0028 -0.0609

Married -0.0061 0.08 -0.0018 -0.0383

Has children -0.0005 0.65 -0.0002 -0.0032

In poor health -0.0008 0.81 -0.0002 -0.0050

Unemployment spell 0.0047 0.09 0.0014 0.0296

Used professional financial advice 0.0034 0.10 0.0010 0.0212

Log total wealth 0.0134 0.00 0.0039 0.0838

Risk tolerance (2007) 0.4195 0.00 0.1221 2.6229

Share of wealth in human capital (2007) -0.4720 0.00 -0.1374 -2.9555

Share of wealth in residential property (2007) -0.4575 0.00 -0.1331 -2.8642

Share of wealth in proprietary business (2007) -0.4583 0.00 -0.1333 -2.8691

Risk tolerance (2009) 0.4920 0.00 0.1432 3.0776

Share of wealth in human capital (2009) -0.3851 0.00 -0.1121 -2.4136

Share of wealth in residential property (2009) -0.3648 0.00 -0.1062 -2.2875

Share of wealth in proprietary business (2009) -0.3713 0.00 -0.1081 -2.3272

Standard deviation of εit 0.0269 0.00

Standard deviation of νi 0.0344 0.00

B: Parameter stability tests Wald p-value

Risk tolerance 0.29 0.59

Share of wealth in human capital 6.05 0.01

Share of wealth in residential property 4.65 0.03

Share of wealth in proprietary business 4.69 0.03
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