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1. Introduction

Individuals often face problems under uncertainty, and understanding their attitude toward
risk is essential to predict economic behavior. In this paper we provide new insights on the
distribution of risk preferences across US households and study the correlation between risk
tolerance and the main household socio-demographic characteristics. We estimate risk pre-
ferences from the willingness to bear risk of each household in our sample (Survey of Con-
sumer Finances, wave 2004), as indicated by the variance of the returns of the observed
portfolio made of financial, real and human assets, and under various assumptions on port-
folio constraints. In the absence of constraints, our estimate is proportional to the standard
deviation of the observed portfolio returns.

A large body of literature already estimates the distribution of risk preferences from data
on wealth allocation. Previous works base their analysis on the portfolio share held in risky
assets, assuming that the observed share is the result of a mean-variance optimizing beha-
vior. We depart from previous works in three directions. The first is methodological. We
distinguish between observed and mean-variance efficient portfolios. For each household
we construct the efficient portfolio with the same variance as the observed portfolio. The
difference between the two portfolios may depend on investment mistakes, information
costs, inadequate model assumptions (see Campbell, 2006), or biased estimates of the re-
turns. Our estimate of risk preference makes this difference as small as possible.

Our remaining departures concern the definition of portfolio. We consider a broad defi-
nition, with a distinction between deposits (risk free), bonds, stocks, human capital and real
estate. Earlier studies take into account only financial assets, frequently grouped into one
broad category, or financial assets and human capital. We however believe that it may be
more realistic to account for the different asset characteristics and at least distinguish be-
tween subcategories of financial assets. The size of real estate and its related liabilities, fur-
thermore, is not negligible in household portfolios and ignoring them may bias the analysis,
since house price risk generates hedging needs (Flavin and Yamashita, 2002; Pelizzon and
Weber, 2008) and crowds out stock holdings (Cocco, 2005).

Finally, we include constraints on efficient portfolio weights. In particular, we assume
that the stock of human capital is fixed and cannot be changed in our static framework.
Constraints are relevant also for real estate. Individuals indeed hold owner-occupied hous-

ing for investment as well as consumption purposes. Since housing consumption demand
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will typically not equal investment demand, an owner-occupier distorts the housing invest-
ment to bring it into equality with housing consumption. To correct for the potential bias
due to the housing consumption motive, we follow Flavin and Yamashita (2002) and take
the holding of (owner-occupied) residential housing as exogenous. An optimizing agent in
our problem thus chooses the portfolio allocation conditional on the wealth held in residen-
tial housing. We complete our analysis including three further constraints that are likely to
hold at the individual level. We require that mortgages cannot exceed the value of real es-
tate; we also consider short-selling restrictions in deposits, bonds and stocks. Short-selling
in financial markets is not prohibited, but discouraged by the fact that proceeds are not
normally available to be invested elsewhere. This is enough to eliminate a private investor
with just mildly negative beliefs (Figlewski, 1981). The inclusion of constraints also reduc-
es potential errors in measurement of the efficient portfolio (Green and Hollifield, 1992).

Our estimates of the preference parameter show substantial heterogeneity across indi-
viduals. In our preferred case we find risk tolerance to correlate negatively with age, and
positively with wealth. Our results suggest that education, gender, race, and household size
do not play a significant role once we control for other variables.

An analysis based on household survey portfolio data is disturbed by unobserved trans-
action costs, minimum investment requirements and other market imperfections. These is-
sues affect households in different ways; therefore the heterogeneity we observe in portfo-
lio composition reflects differences in both risk preferences and market conditions. In fact,
in our regression analysis we find a significant effect of variables that may proxy financial
sophistication as well as transaction costs. Transaction and entry costs, however, should be
less important among the wealthier individuals (Calvet et al., 2009). In the sub-sample of
the 20 percent wealthiest households we observe similar correlations for demographic and
wealth variables, and lower or insignificant correlations for the proxies of financial sophis-
tication and transaction costs; this evidence seems to suggest that transaction costs are not
the main driver of our results.

The remainder of this paper is organized as follows. Section 2 surveys the literature on
risk preferences. Section 3 presents our framework. Section 4 describes our survey data
(Survey of Consumer Finances, wave 2004) and time series data (covering quarterly the
years 1980-2004). Section 5 reports our benchmark estimates for the portfolio of a repre-

sentative agent and the distribution of portfolios in the sample. Section 6 shows the main



results of a sensitivity analysis on the return time series. Finally, Section 7 concludes. In the
Appendix we discuss the link between our approach and the certainty equivalent returns,
the construction of the portfolios from the survey data and the estimation of the human cap-

ital.

2. Previous findings on risk preferences

The analysis of risk preferences from observed choice data has been running in a number of
economic environments, from labor supply decisions (Chetty, 2006) to property/liability in-
surances (Szpiro, 1986), from television shows (Beetsma and Schotman, 2001) to auto in-
surance contracts (Cohen and Einav, 2007) and in the laboratory (Schubert et al., 1999;
Choi et al., 2007). The two main strands of this literature, however, focus on consumption
and investment choices.

One strand is based on non-durable consumption data. According to the Consumption-
CAPM framework, consumption choices are fully characterized by the Euler equation, as a
function of the choice in the previous year, market returns and household’s specific prefe-
rence parameters. To obtain an estimate of the risk aversion parameter, one should use pan-
el datasets with a long history of household consumption data. Since such datasets are not
available, two solutions have been adopted over the years: running the analysis i) using
time series of macroeconomic statistics, assuming that there is a representative agent (see
Hansen and Singleton, 1983; Mehra and Prescott, 1985; Campbell, 2003), and ii) using
pseudo-panels created from repeated cross-section survey data, grouping together individu-
als belonging to the same birth cohort (see Attanasio and Weber, 1995; Blundell et al.,
1994). While the estimate of the risk aversion coefficient is generally comprised between 2
and 7 using pseudo-panels, it can be well above 10 using time series of macroeconomic sta-
tistics.

A second strand of the literature looks at portfolio choices and is strictly related to our
work. According to the static Mean-Variance (henceforth MV) portfolio framework, the in-
vestment in risky assets depends on the expected values and the covariances of their re-
turns, and the household’s specific risk preference. Since household survey data on portfo-
lio composition are easily available, it is natural to use this approach to study the distribu-
tion of risk preferences across households. Empirical works in this field usually take the

share of portfolios allocated to risky assets (as a whole or just stocks) as proportional to risk
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tolerance (see Cohn et al., 1975; Friend and Blume, 1975; Mclnish, 1982; Siegel and Ho-
ban, 1982; Morin and Suarez, 1983; Riley and Chow, 1992; and Shaw, 1996).

With the improvement in the accuracy of survey data, researchers have devised hypo-
thetical questions asking to compare different lotteries. A number of works used the res-
ponses to such questions to infer a measure of risk preference for each household (see, e.g.,
Barsky et al., 1997; Donkers et al., 2001; Guiso and Paiella, 2008; Kimball et al., 2008).

Works on the distribution of risk preference typically find a rather large heterogeneity,
with the parameter correlating in particular with wealth, age, gender, and education. The
correlation with wealth, however, depends crucially on the definition used. Research focus-
ing on financial wealth seems to support a positive link with risk tolerance (Friedman,
1974; Cohn et al., 1975; Riley and Chow, 1992; Shaw, 1996), reflecting the empirical evi-
dence of stock holdings increasing in wealth (see Guiso et al., 2001). Shaw (1996) focuses
on the effect of human capital, and finds from Survey of Consumer Finances (henceforth
SCF) data a positive correlation with risk tolerance. Friend and Blume (1975) also find
evidence of a positive relation from a precursor of the current SCF, but only when owner-
occupied housing is excluded from their definition of wealth. Siegel and Hoban (1982) find
from US National Longitudinal Survey data patterns consistent with increasing or constant
risk tolerance using narrow definitions of wealth, and patterns consistent with decreasing
risk tolerance using broader definitions of wealth, including housing and non-marketable
assets. Morin and Suarez (1983) draw similar conclusions using the Canadian SCF and in-
cluding human capital in the definition of wealth. Financial, human and real holdings are
however very different assets with different degrees of liquidity. One may expect different
results from an analysis that takes into account constraints on portfolio holdings.

In general, there seems to be consensus on the relation between risk tolerance, age,
gender and education. The majority of the empirical studies have found that risk tolerance
reduces with age (see Mclnish, 1982; Morin and Suarez, 1983; Palsson, 1996), is lower for
women (see Palsson, 1996; Halek and Eisenhauer, 2001; and the literature review in Cro-
son and Gneezy, 2009) and less highly educated individuals (see in particular Riley and
Chow, 1992; and Halek and Eisenhauer, 2001).

It is not clear whether these correlations hold as such, or are instead capturing correla-
tions with other variables omitted from the analysis. For instance, one might observe a cor-

relation between risk preference and education whereas the true correlation is between risk
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preference and financial sophistication (Guiso and Jappelli, 2005). The observed correlation
might arise just because more sophisticated individuals are also more highly educated on
average. With this paper we aim to shed further light on this issue, using portfolio choice
data and considering a richer specification to include the main demographic, social, and

economic variables of a household.

3. Framework

Our economy includes one risk free asset and a set of n risky assets with vector of ex-

pected excess returns 77 and covariance matrix X ; (e,S ) consistently estimate the true as-
set return moments (77, 2) .

For each household i,i =1,..., N with its specific Risk Tolerance (RT) coefficient y, we
compute the MV efficient portfolio of weights w, (7, )= I:Wiﬂl (7,) wo(7) - w7 )},

We assume that the household’s observed portfolio of weights @, = [a)m @, ... a)l.’n}

proxies the efficient one of weights w, ( 7/[.) . In other words, we allow the observed portfo-

lio to deviate from the efficient one for investment mistakes, market imperfections or in-

complete information about the household’s risk type. More trivially, the two portfolios

may differ because of incorrect estimates of (e, S ) or inadequate model assumptions.

Our RT estimate is the value of y, implicit in the following equation, which imposes an

identity in the variance of the returns on the two portfolios:

(1) W (7,) Sw,(7,) = @lSa,
Figure 1 shows our metric in a mean-standard deviation plan. With our approach we com-
pare the two portfolios A and B. One could argue, however, that there is no specific reason
to look at portfolio variances, and we could also look at, for instance, portfolio expected re-
turns. In this case we would compare portfolios A and C of the figure. More generally, any
portfolio along the efficient frontier is a potential candidate for our comparison. It is impor-
tant to notice that efficient portfolios with lower (higher) variance of returns than the ob-
served portfolio have a larger (smaller) holding of risk free assets than the efficient portfo-

lio we consider. Using them in the comparison would therefore generate a lower (higher)



RT estimate. We however believe that the variance of an observed portfolio is a stronger
indicator of the household’s willingness to bear risk. There are two further reasons why one
may want to look at the portfolio variance. First, the variance is more robust to estimation
errors than the expected return (see, e.g., Merton, 1980; Chopra and Ziemba, 1993); second,
our approach is consistent with the analysis in terms of Certainty Equivalent Returns (CER)
from standard expected utility theory (as in Calvet et al., 2009; see Appendix A.1).

We call “expected return gap” the difference in the expected returns of the two portfo-

lios,
) p=e¢(w(r)-o).
This statistic has at least four possible interpretations. It can be seen as the lower bound

of the optimization bias, incurred when choosing the observed portfolio @, rather than its
efficient alternative w, due to investment mistakes, the lack of rationality or financial so-

phistication. The gap may also indicate the cost of market imperfections, in which agents
deviate from the optimal behavior because of transaction or information costs. Third, the
gap may inform on the imprecision in the estimate of the efficient portfolio due to errors in
the asset moments. A final possible interpretation is a measure of how close our framework
is to the actual behavior.

It is well known that, in the absence of constraints in portfolio composition, the efficient

weights are given by the equation
3) w. =yS"e,

1 1

in which case the expected return gap is

@) p=(es7e)" (0)Sw,)" - ae.
Substituting (3) in (1), we solve the identity for y, and obtain that risk tolerance is propor-
tional to the standard deviation of the returns on the observed portfolio:

) y =(“’f5 @ ] .

-1
eSe

Investors, however, usually face constraints to their portfolio allocation. We consider
equality and inequality constraints on portfolio composition, described for a generic portfo-
lio of weights x by the conditions

(6) Ax=b
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7 Cx<d
In general, the problem has no closed-form solution, and the solution is found numeri-
cally with quadratic programming'. A closed-form solution to our problem is available un-

der only equality constraints (6). In this case it turns out that the efficient portfolio has

weights
®) w,=7,0+q
with
-1
0= (1— S48 A) A)Sle
©)

g=5"4(45"4) b
and we estimate risk tolerance from

»_ 4'Sq—aSo,
0'SO-20'e

This measure is strictly positive as long as »# 0. To get an intuition consider the simple

(10) 7

case of constraints requiring that a subset x, of f weights are fixed, that is, x'= [x; x’]

c

and (6) rewrites as

X
(1) =3 f}u o

where 1, isa fx f identity matrix. In this case the optimal weights are given by

(12) " {W} _ {% (S.) " e~ (5.,)" Sa)}

W, 10)

ic A

with e, and S

uu

expected excess returns and covariance matrix of the unconstrained assets,
and S, covariance matrix between unconstrained and constrained assets. Efficient alloca-

tion of the unconstrained portfolio weights accounts for an additional hedge term S 'S w.

depending on the variance of the unconstrained assets, the covariance between uncon-
strained and constrained assets, and the holding of constrained assets @, . Notice that equa-
tion (12) is independent from the expected excess returns and the variance of the con-

strained assets. A household with holdings only in risk free and constrained assets has in

"' We use the function quadprog in Matlab.



this framework a positive RT coefficient, because it does not make further investments to

hedge against the risk associated to the constrained wealth.

4. Data

4.1. Household portfolios

In order to estimate the risk tolerance parameter within the framework described above, we
need detailed information on wealth allocation for a representative sample of households.
Banks and fund managers may provide detailed data on financial portfolios of their cus-
tomers, but usually these datasets are not representative of the whole population. Further-
more, they typically ignore human capital and real estate, which are likely to influence
households’ decisions. An obvious candidate dataset for our purpose is therefore the US
Survey of Consumer Finances (SCF). The SCF is a repeated cross-sectional survey of
households conducted every three years on behalf of the Federal Reserve Board. It collects
detailed information on assets and liabilities, including home ownership and mortgages, to-
gether with the demographic characteristics of a sample of US households. The survey de-
liberately over-samples relatively wealthy households to produce more accurate statistics;
sampling weights are then provided to obtain unbiased statistics for the US population. The
SCF also handles the high rate of item non-response typical of wealth-related microdata by
imputing a set of five values that represent a distribution of possibilities. Multiple imputa-
tions of missing data increase the efficiency of estimation, allowing the researcher to use all
available information, and have the distinct advantage of providing information on uncer-
tainty in the imputed values. We exploit this information as suggested in Rubin (1987); we
develop our analysis independently for each of the five completed datasets and our final
statistics are the average of the estimates derived for each dataset.

Our data on household portfolio holdings are taken from the wave 2004 of the SCF
(4,519 observations). We consider two definitions of portfolio. The “narrow” definition in-
cludes the main financial assets, which we aggregate in three categories: deposits, bonds,
and stocks. The “broad” definition also includes human capital, real estate, and their related
liabilities. In this case we add two further categories (human wealth and real estate). From
the sample we drop the households with missing information on financial wealth (296 cas-

es) or income (103 cases), and the households whose portfolios do not respect the con-



straints we define below in Section 4.2 (25 cases). Our final sample consists of 4,095
households.

The distribution of household wealth changes markedly using either definition (top part
of Table 1). While we find a median value of 11,000 USD using the narrow definition, the
median is 52,338 USD using the broad definition net of human capital (and 141,300 USD
also including human capital).

Each asset is classified as defined in Table 1; for details on the calculation of portfolio
weights see the Appendix Section A.2. Table 1 also reports the composition of the aggre-
gate portfolio, computed accounting for multiple imputations and sampling weights. We
observe that most financial wealth is held in stocks. Considering our broad definition, the
largest share of wealth (52 percent) is held in real estate, mostly in owner-occupied residen-
tial housing (39 percent). The inclusion of mortgages in the bonds class determines an ag-

gregate short position in it.

4.2. Portfolio constraints

We analyze three different situations: one using the narrow portfolio definition (only finan-
cial assets) without constraints (hereafter unconstrained narrow definition), and two using
the broad definition (financial assets plus human wealth plus real estate). In one case we
consider only equality constraints on human capital, that is, we assume that human capital
is fixed for portfolio decisions (with a little imprecision of terminology, hereafter uncon-
strained broad definition). In the second case (hereafter constrained broad definition) we
also consider short-selling constraints on the financial components, and equality constraints
on residential housing. Specifically, our constraints are: fixed holding of human capital; no
short sale in deposits, bonds and stocks; no mortgage financing for more than the value of
real estate (that is, bonds cannot take a position below the opposite of real estate); invest-
ment in real estate not lower than the value of residential housing. We include constraints
on housing to deal with a potential consumption motive that drives the investment in resi-
dential housing. To limit this effect, Pelizzon and Weber (2009) adjust household portfolios
reducing real estate holdings by an imputed present value of future rents. In our static
framework we instead follow Flavin and Yamashita (2002) and Pelizzon and Weber
(2008), and assume that households choose the allocation of wealth conditional on their

holding of residential housing.
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4.3. Asset time series

We take annual financial returns (bonds and stocks) from the “Merrill Lynch US Corporate
& Government Master Index” and “MSCI USA Stock Index” time series of US asset total
return indices (downloaded from Datastream). We consider as risk free return the yield of
3-month T-bills. To measure the uncertainty related to human capital we construct from
Bureau of Economic Analysis (BEA) data a time series of labor income consistent with the
definition we used in the SCE.? Our time series cover quarterly the years from 1980 to 2004
(100 observations). To compute the correlations with the asset excess returns we subtract
from this series the series of our risk free returns.

It is more problematic to find a time series of real estate returns valid for our purpose.
From the perspective of a household, we need a series that accounts for not only capital
gains, but also earnings due to rents. This information is not available in standard indices
such as OFHEO and S&P/Case-Shiller home price indices. We therefore use the “MIT-
CRE Transaction-based Index of US Real Estate Investment”. This index, measured since
1985 on a quarterly frequency, is based on transaction prices to avoid sources of index
smoothing and lagging bias that are present in other indices (see Fisher et al., 2007). The
total return index we consider incorporates returns from property value, and property cash
flow in the apartment, industrial, office, and retail sectors.

We compute excess returns as returns net of the yield return of the risk free asset. Using
the largest period available for all the series (from 1985 to 2004 on a quarterly frequency),
bonds dominate real estate returns in a mean-variance sense. As a consequence, no mean-
variance optimizer would hold a long position in real estate, in contrast to most of the port-
folios we observe in the SCF sample. To overcome this problem, one possibility is to con-
sider a shorter period length; this case is discussed in Section 6.1. In our benchmark case
we instead extend our time series length using the method suggested in Stambaugh (1997).
We exploit the same-period correlation between financial and real asset returns to predict
prior realizations of real asset returns from observations of financial asset returns dating
back to 1980. Our final series cover the period 1980 — 2004 (100 observations) on a quar-

terly frequency, and are shown in Figure 2; the asset moments are computed according to

? See the Appendix Section A.2. We take the difference between personal income and earnings from rents,
dividends, and capital gains. The resulting time series incorporates wage and salary disbursements, supple-
ments to wages and salaries, proprietors’ income with inventory valuation and capital consumption adjust-
ments, and personal current transfer receipts, less contributions for public social insurance.
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Stambaugh (1997) and reported in Table 2 (panels A, B). Stocks are by far the category
with the highest risk and expected excess return; their Sharpe ratio is however below the
one of bonds (30 instead of 43 percent). Since in our analysis we always take the holding of
human capital as fixed, the historical return on income and its variance do not matter for the
computation of neither the efficient portfolio, nor RT; to matter is only its correlation with
the returns on the other assets.” Similarly, under our constrained broad definition the histor-
ical return on real estate and its variance matter only for the portfolio choice between finan-
cial assets and real estate assets except for the primary residence.

Panel C of Table 2 shows two optimal portfolios arising from these moments. Under the
narrow definition we take the tangency portfolio, and under the broad definition we com-
pute the efficient portfolio that fulfils equation (12) with the constraint that the weight on
human capital is equal to the value observed in the aggregate portfolio; we use a value of

y such that the weights on all the risky assets sum to one. This latter portfolio is more con-

sistent to our analysis than the tangency portfolio under the broad definition, as we always
keep human capital as fixed. Under our narrow definition, an efficient allocation of wealth
would prescribe an investment in bonds 78.91/21.09 =3.74 times as large as an invest-
ment in stocks — a number sizably different from the 28.23/51.01=0.55 ratio observed in
the aggregate portfolio. A similar picture emerges from the optimal portfolio under the
broad definition. With respect to the aggregate observed portfolio, the MV strategy would
suggest increasing the investment in stocks and real estate, and (consequently) reducing in-

debtness.

5. Benchmark results
5.1. Risk tolerance for a representative agent
We first present a measure of risk tolerance for a representative agent in our sample. We
derive the RT coefficient and the expected return gap using as observed portfolio the ag-
gregate portfolio (whose average over the five imputations is shown in Table 1).

The first two columns of Table 3 show our estimates together with confidence intervals
based on 1,000 bootstrap simulations over the household units. We obtain a RT coefficient
of 0.21 from the financial portfolio definition, and 0.12 and 0.37 respectively from the un-

constrained and constrained broad portfolio definition. The framework using the uncon-

* Importantly, this implies that idiosyncratic income risk is not relevant in our framework.
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strained broad portfolio definition is the closest to the one in the Consumption-CAPM lite-
rature, as it takes into account an exogenous measure of income and does not impose any
constraint on the other asset categories. Our estimate implies a risk aversion of

1/0.124 =8.065, which is in the lower bound of the range of estimates referring to the Con-

sumption-CAPM and based on time series. In all the other cases, we obtain sizably smaller
estimates of risk aversion (4.73 under the narrow definition, and 2.71 under the constrained
broad definition), which are more in line with the micro-econometric evidence.

The second column of Table 3 reports the expected return gap of the representative
agent and its confidence interval based on the same bootstrap simulations as for the risk to-
lerance. The return gap is 0.90 percent per year under the narrow definition, and 0.89 (0.50)
percent under the unconstrained (constrained) broad definition. The gap of the narrow defi-
nition is not directly comparable with the gap of the broad definition (either constrained or
not), because of the different definitions of wealth they refer to. We can instead interpret
the difference 0.89—-0.50=0.39 as the annual percentage cost of facing constraints in real

and financial wealth allocation under the broad definition.

5.2. Risk tolerance for each household

Focusing on the representative agent can be misleading because households may have very
different preferences. We therefore investigate the heterogeneity in our sample by estimat-
ing the risk tolerance implicit in the portfolio of each household in our dataset.

When we compute the statistic for each observation in our sample, the median RT values
are 0.08, 0.12, and 0.14 respectively using for portfolio the financial definition, the uncon-
strained and constrained broad definitions (third column of Table 3). Table 3 also reports
below each point estimate the 2.5 and 97.5% quantiles of the sample distribution of the es-
timates. Only in the case of unconstrained broad portfolio definition we obtain a median
risk tolerance close to the aggregate portfolio; in all the remaining cases values are around
60 percent smaller. However, the size of the coefficient varies widely across the house-
holds. Figure 3 (panel A) reports the empirical cdf of our RT estimates; under the con-
strained broad definition, together with a nonparametric 95 percent confidence interval (see
Wasserman, 2006, page 15). Under the narrow definition, we estimate a RT of 0 for 1,162
households (36.65% of the sample once we account for sampling weights); ignoring such

households the median RT in the sample becomes 0.17. In contrast, RT is always positive
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under the broad definition, because households hold at least deposits and human capital.

Consider a household with only deposits and human capital. In this case, our approach es-

timates y, >0 because the household does not hedge against the risk associated to income

volatility (see equation 12).

Our estimates of RT vary according to the underlying assumptions on the assets space
and the constraints, and are generally little correlated; in particular, the correlation between
estimates under the narrow and constrained broad portfolio definitions is just 0.076. Risk
tolerance increases for 1,850 households (55.76 percent of the sample once we account for
sampling weights) when we consider the broad rather than the narrow definition of portfo-
lio, and increases for 2,468 households (53.96 percent of the sample) when we take into ac-
count constraints in our broad portfolio definition. In this latter case, households with larger
risk tolerance are wealthier, hold larger portfolio weights on housing, resort to mortgages
more heavily, and use this additional wealth to finance their investment in stocks.

We obtain similar findings for the expected return gap (last column of Table 3). While
the median gap under the unconstrained broad portfolio (0.99 percent per year) is roughly
comparable to the aggregate one, the median gaps in the other two cases (0.12 and 0.04
percent under the narrow and constrained broad definitions) are considerably smaller (last
column of Table 3). The empirical cdf in Figure 3 (panel B) further suggests that the ex-
pected return gap is negligible for most households under the constrained broad definition.
We interpret this evidence as indicative that our framework fits the observed behavior bet-
ter when real and human wealth are considered but subject to constraints.

The reasonableness of our estimates is confirmed by the comparison with the response to

a question asked to all the subjects in the SCF sample. The question is the following:

«Which of the following statements comes closest to describing the amount of
financial risk that you [and your husband/wife/partner] are willing to take when

you save or make investments?»

1. Take substantial financial risks expecting to earn substantial returns
2. Take above average financial risks expecting to earn above average returns
3. Take average financial risks expecting to earn average returns

4. Not willing to take any financial risks
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Although words as “substantial” and “average” have a subjective meaning that makes any
interpretation questionable, still, the variable can be seen as a rough indicator of self-
assessed risk attitude. If our approach is correct, our RT estimates should then be consistent
with households’ self-assessment. We therefore code households who respond 1 or 2 as
“risk tolerant”, and households who respond 3 or 4 as “risk averse”. Table 4 reports the
median RT under the three definitions among the risk tolerant and the risk averse individu-
als in our sample. We see that 3 out of 4 respondents define themselves as risk averse, and
the median RT we estimate is indeed lower in this group, apart from when we take the un-
constrained broad portfolio definition. Under the narrow (constrained broad) portfolio defi-
nition, our median is indeed 0.06 (0.12) among the self-assessed risk averse households,
against 0.16 (0.29) among the self-assessed risk tolerant. It is often hypothesized that risk
preferences differ with individual characteristics such as age and wealth. For this reason,
Table 4 also reports our statistics separately by smaller sub-groups, where we distinguish
the sample by age classes and wealth quartiles.” Under the two relevant portfolio definitions
our RT estimate is still consistent with the self-assessed measure, and is always lower
among the risk averse households. Only in the lowest wealth class we do not observe a
clear difference between self-assessed risk tolerant and self-assessed risk averse individu-

als, as our RT estimates are tiny for both.

5.3. Heterogeneity in risk preferences
To further investigate the heterogeneity of risk tolerance in the population, we perform
an OLS regression analysis and examine the potential correlations between our RT measure

and the economic and demographic characteristics of the households (Table 5). Our depen-

dent variable is ln(1+ 791.) , where 7, is the RT coefficient of household i,i=1,..., N esti-

mated from the unconstrained narrow portfolio definition, and the unconstrained or con-
strained broad portfolio definition. The regression equation includes age’, the logarithm of
income, the logarithm of wealth net of human capital (either the narrow or broad definition,

consistently with the dependent variable), a dummy variable equal to one if children are

* The four wealth classes do not have the same number of observations because we construct the quartiles us-
ing the population weights. Since the SCF over-samples the wealthiest ones, we have many more observations
in the uppest quartile.

> Using a specification with a quadratic polynomial on age, we predicted a linear age-risk tolerance profile in
the relevant age range. Although in the following we will talk about ‘age effect’, it should be noticed that with
these data we cannot disentangle age and cohort effects.
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present in the household, and dummy variables for the gender, marital status (divorced, wi-
dowed, never married), race, education (high school graduate, college graduate) and occu-
pational status (employed, self-employed) of the household head. This specification is simi-
lar to the one in Sahm (2007)°, who estimates RT from hypothetical questions in the US
Health and Retirement Study. In the same vein as Guiso and Jappelli (2005), we further in-
clude in the specification some proxies for financial sophistication: the number of financial
institutions the household is involved with, and a set of four dummy variables. The dum-
mies are worth one if: there is a regular consulting of a professional financial advisor; the
head works in the finance sector; the household shops around for best rates on credit and
borrowing; the household uses a computer to manage money. We also include a dummy va-
riable for the self-assessed good or excellent health status of the head. Following Ben Man-
sour et al. (2008), who find a negative correlation between risk tolerance and optimism, we
finally include in the specification a variable denoting the self-assessed degree of optimism
of the household.’

The first three columns of Table 5 report the output of this regression using the three RT

estimates and the full sample of households available. Note that under the narrow portfolio

definition the dependent variable In(1+7,) coincides with In (1 + (a)i'Sa)i /e'S ‘le)l/z ) where

@'Sw, is the variance of the returns of the observed portfolio held by household i. In the

absence of constraints, indeed, cross-sectional differences only depend on the variance of
the observed portfolio returns — which is more robust to estimation errors than the expected
return (see, e.g., Merton, 1980; Chopra and Ziemba, 1993).

There is no consensus in the literature on how risk tolerance should vary with wealth;
Siegel and Hoban (1982) and Morin and Suarez (1983) found for risk aversion a negative
correlation with narrow definitions of wealth (financial), and a positive correlation with
broader definitions of wealth (also including real and non-liquid assets). In all our regres-
sions we find wealth to be positively correlated with risk tolerance at 1 percent significance

level. Given our functional form, the elasticity of risk tolerance to wealth is equal to the

® Sahm (2007) focuses on cash-on-hand (wealth plus income) rather than wealth. We prefer our specification
because cash-on-hand is highly correlated with income. For the same reason, we do not consider a measure of
“life-cycle wealth” as described by the sum of wealth and human capital.

" The question asks whether “the US economy will perform better, worse, or about the same in the next 5
years”. We consider optimistic who reports “better”.
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coefficient of In(Wealth) times the ratio (1+7,)/7, . Let In(1+7,) be the dependent varia-
ble sample average. If we take as a reference the average household, for which

]7=exp{ln(1+7?[. )}—1 , the estimated elasticity ranges between 0.155 of the constrained

broad definition and 0.245 of the financial portfolio. As wealth moves from the 25" to the

75" percentile (see Table 1) the predicted variation Aln(l + 7/i) amounts to 17% of the cor-

responding interquartile distance in the case of constrained broad definition (see Table 4),
this percentage rises to 50% in the case of the financial portfolio. (Log)Income is negative-
ly partially correlated with (log) risk tolerance in the unconstrained cases, but not in the
broad constrained one. When human capital and real estate are considered, we estimate a
significant positive effect of being divorced and a negative effect of age. However, a clear
limitation of this analysis is that we cannot separate age from cohort effects.

The proxy variables for financial sophistication prove to be correlated with risk toler-
ance. In particular in all of the cases our estimate show that households using a larger num-
ber of financial institutions and those shopping around for better credit conditions are cha-
racterized by higher risk tolerance; when we consider the constrained broad definition,
households who use a computer to manage their money are significantly more risk tolerant.
Consulting or not a financial advisor, as well as being optimistic or pessimistic about future
economic conditions are not correlated with the degree of risk tolerance.

After having controlled for income, wealth and financial sophistication, our estimates
show a negative correlation between risk tolerance and age, but only when human capital
and real estate are included in the definition of portfolio. We find instead no direct effect of
gender and education on risk tolerance, and only in the case of financial portfolio there is a
weak evidence in favor of the hypothesis that non-white households are less risk tolerant
than average. We also tried a specification including two self-assessed measures: risk atti-
tude and time horizon. The first is the answer to the question discussed at the end of Section
5.2, the second is the answer to a question on “the horizon considered for planning saving
and spending”. The regression output (available in the online supplementary appendix),
however, does not change in any noticeable way and we omit the two measures from our
preferred specification.

Our interpretation of the results relies on the assumption that the heterogeneity in cross-
sectional holdings is mainly due to preference heterogeneity rather than transaction costs.
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In fact, small and heterogeneous transaction costs may be sufficient to generate infrequent
portfolio adjustment, resulting in a large dispersion of portfolio compositions even across
households with identical risk preferences. The existing evidence on household trading is
mixed. Research on brokerage accounts finds evidence of intense trading activity (e.g.,
Odean, 1999; Barber and Odean, 2000), while research on retirement plans (e.g., Madrian
and Shea, 2001; Agnew et al., 2003), portfolio management (Alessie et al., 2004) and equi-
ty market participation (Vissing-Jorgensen, 2002) finds substantial inertia. King and Leape
(1998) suggest that there is a significant holding cost (due to transaction and information
motives) in the management of a portfolio, which induces investors to hold incomplete and
suboptimal portfolios. These costs may surpass the foregone gains that could be obtained
with a better structured portfolio.

Direct information on the transaction costs faced by each household is, of course, not
available. To some extent we might expect that our proxy variables for financial sophistica-
tion also capture part of the heterogeneity in transaction costs faced by the households. Pre-
vious research however suggests that transaction costs are less important for wealthier indi-
viduals who make more frequent portfolio adjustments. This view is consistent with a fixed
element of transaction costs (Agnew et al., 2003; Calvet et al., 2009). Hence, as a robust-
ness check we perform our analysis on the sub-sample of the households whose wealth is in
the top 20% of the weighted distribution in our sample. These are more than 20% of the ob-
servations in our sample, because the SCF over-samples wealthier households. This sub-
sample is remarkably different from the full sample not only because it is richer (and con-
sequently more risk tolerant on average), but also because it includes fewer female heads
(14 percent instead of 27 of the whole sample), fewer divorced heads (7 percent instead of
16 percent) and in general more financially sophisticated households. The fourth column of
Table 5 shows the estimates for the richest sub-sample in the case of the broad constrained
portfolio definition. Despite the different composition of the sub-sample, the signs of the
estimated parameters are always consistent with those obtained for the complete set of
households, with the most important differences given by the wealth and income elasticity
(0.27 and -0.13, respectively) which are sensibly larger than those estimated for the full
sample, a stronger age effect and a marginally significant gender effect. As we may expect,
in this regression we find lower correlation between our dependent variable and the proxies

for financial sophistication and transaction costs: “shopping around for the best rates on

18



credit” is now insignificantly different from zero, and the relative variations for the average
household, A/lrm ) / ln(l + 791,) , due to the use of a computer and the number of financial

institutions are lower than in the regression based on the whole sample (respectively 16.93
and 2.93 percent rather than 22.75 and 7.10 percent.)

All in all, taking into account the composition effects at work, the qualitative conclu-
sions drawn for the whole sample still hold. This evidence seems to suggest that transaction

costs are not affecting our main results significantly.

6. Sensitivity analysis

We are concerned that our findings may change if households take different moments of the
asset excess returns. For this reason we check the robustness of our results along three di-
mensions: i) the time series for the numeraire; ii) the period coverage of the return time se-
ries; iii) the time series for real estate returns. In the three cases we estimate RT from the
comparison between the (unchanged) household portfolios and the optimal portfolios,
which differ from the benchmark case because the implied moment returns of the primitive
assets are different. Tables with all the outputs are available in the online supplementary

appendix.

6.1. Time series

6.1.1. Numeraire

In the benchmark analysis we compute excess returns as returns net of a risk free asset,
which we identify as the return yields to 3-month T-bills. It is however plausible that inves-
tors use different numeraires when choosing their portfolio; we consider two cases. First,
investors may take a long-run perspective. For this reason, we compute excess returns as
returns net of yields from 10-year nominal bonds.® Second, less sophisticated investors may
choose their portfolio comparing nominal rather than real excess returns. We therefore
compute excess returns as the difference between nominal risky returns and real risk free
returns, where the latter are derived as nominal 3-month T-bill returns corrected for infla-

tion growth (from CPI index for all urban consumers, all items). In both cases the time se-

¥ Two government bonds in the US have a longer maturity, 20 and 30 years. However, such bonds have not
been issued between 2002 and 2004 for the 30-year maturity. Hence, the time series of 10-year bonds is the
one with the longest maturity fully covering our sample period.
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ries length is 100 observations (from 1980 to 2004 on a quarterly basis), with the first 20
observations for excess returns on real estate imputed as in the benchmark case following
Stambaugh (1997).

With these new asset moments we obtain for the optimal portfolio under the broad defi-
nition (constructed as in Table 2, panel C) a negative weight on real estate (-39.20 percent)

using the 10-year bond numeraire.

6.1.2. Period coverage

Households might estimate the expected asset returns and covariances considering only
the nearest past market realizations. Using the benchmark asset time series, we reduce the
series length to cover quarterly the period 1990-2004 (60 observations). Since all the time
series are available over the whole period, we do not need to correct the moments using the

method introduced in Stambaugh (1997).

6.1.3. Real estate returns

Although the features of the MIT-CRE index make this series attractive for our purpose, it
is not commonly used to estimate real estate returns. We therefore replicate our benchmark
analysis computing real estate returns from an Office of Federal Housing Enterprise Over-
sight (OFHEO) series.” The series is a repeat-sale, purchase-only index calculated for the
whole of the US from data provided by Fannie Mae and Freddie Mac (the two biggest
mortgage lenders in the US). The series we consider in the analysis covers the same period
as in the benchmark (100 quarterly observations from 1980 to 2004). Compared to our
benchmark MIT-CRE series, these data are available over the whole sample period (hence
no imputation is necessary), but they consider just single-family homes, and ignore earn-
ings from rents. We believe it is important to incorporate rents in our returns, and for this
reason we follow Flavin and Yamashita (2002) and Pelizzon and Weber (2008) by adding a
constant 5 percent to our returns. The optimal portfolio under broad definition holds a large
position in real estate (weight: 71.75 percent) and a negative position in bonds (-12.43 per-

cent).

6.2. Findings

? Recently called Federal Housing Finance Agency (FHFA) index.
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The first two columns of Table 6 report the results for a representative agent in the econo-
my. The point estimates are lower using the shorter time series, or a different time series for
real estate returns. In both cases, real estate returns are less volatile and can be seen as clos-
er to returns of a risk free asset. In all the four cases, the unconstrained (constrained) broad
portfolio definition generates the lower (higher) estimate, which ranges between 0.04 and
0.24 (0.25 and 0.44). In all the cases but one (long-run horizon), the expected return gap is
lower under the constrained broad portfolio definition, and ranges between 0.30 and 0.55.

Similar findings emerge from the calculation of RT for each household; the median val-
ues are reported in the final two columns of Table 6. Figure 4 compares the cdfs of RT es-
timates (panel A) and expected return gaps (panel B) in the benchmark and four robustness
cases under the constrained broad portfolio definition; the figure shows a similar distribu-
tion in all the cases. The curves may however hide that households at the lower tail of the
RT distribution under the benchmark case, are at the upper tail of the RT distribution under
a robustness case. We find that this is not true, as the correlation between benchmark esti-
mates and estimates assuming long-run horizon (nominal returns) is high and equal to 0.98
(0.99). The correlation is smaller, but still high, using a shorter time series (0.65) or the
OFHEO series for real estate returns (0.62).

Table 7 reports the output of a regression analysis identical to the benchmark case,
where the dependent variable is the logarithm of 1 plus the RT estimate under the con-
strained broad portfolio definition. To make each column comparable to the third column of
Table 5, we normalize the dependent variable to be equal, on average, to the average value
under the benchmark case. Overall, the results we found in the benchmark case still hold
true here, noticeably the correlations between risk tolerance, age, wealth and the number of
financial institutions.

Finally, in a separate analysis, we estimated the RT using the same asset return moments
but from a definition of portfolio excluding all the real estate (and related liabilities) that is
not residential housing. This exercise is rather different from the previous ones, as it
changes the distribution of wealth in our sample. Furthermore, the different portfolio defini-
tion implies different constraints on the weights on human capital, bond and real estate
holdings. Even so, the estimated RT for the representative agent does not change with re-

spect to the benchmark case, and all the main findings of the regression analysis are con-
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firmed, with the main differences being the relevance of income and the ethnicity. The out-

put of the analysis is reported in the online supplementary appendix.

7. Concluding remarks

In this paper we use household portfolio data from the 2004 US Survey of Consumer Fin-
ances to study the distribution of risk preferences in a cross-section of US households. Our
measures are deduced from the willingness to bear risk as indicated by the variance of re-
turns of a household’s observed portfolio.

Our estimates of the preference parameter show substantial heterogeneity across indi-
viduals. In our preferred case, we find risk tolerance to correlate negatively with age, and
positively with wealth and financial sophistication. The correlation between risk tolerance
and age is instead not significant if we restrict our attention to financial portfolios and ig-
nore constraints. A sensitivity analysis confirms these results, and suggests that education,
gender, race and household size have no relation with the household’s risk attitude.

The present research has at least two limitations that should be kept in mind when inter-
preting the results. We group our assets in few categories. Doing so, we neglect the tax dif-
ferentials of all instruments. This means in particular that we ignore that loan interests are
tax deductible, and that capital gains from real estate after three years and imputed rents are
tax free. We also ignore the tax advantages related to bonds and stocks, which depend on
the specific investment channel (directly held assets or assets held through a fund). With
this respect we can conjecture that as the main effect of the differential tax treatment is to
make real estate investment and indebtedness more valuable, we are currently over-
estimating the risk tolerance of those households with high debt and high investments in
real estate. A second limitation has to do with the potential stickiness in portfolio choice
brought by unobserved transaction costs, minimum investment requirements and other
market imperfections. Although we cannot control for it, a robustness check run on a sub-
sample of the wealthiest households — for which such costs should be less relevant — makes
us confident that our analysis is still able to provide useful insights on the risk tolerance he-
terogeneity.

There are at least two main directions for future research. The analysis deserves further
efforts in order to better understand the role played by transaction costs and to investigate

the causality relations between risk preference, wealth and observable characteristics. Using
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repeated cross-sections of the SCF may help to better disentangle wealth and age effects.
From the theoretical point of view it is then interesting to evaluate the possibility to apply
our approach in a multi-period framework, closer to a life-cycle model of asset allocation.

This will allow us to disentangle risk aversion from the investor’s planning horizon length.

A. Appendix
A.1. Risk tolerance and certain equivalent return
In the mean-variance model of Markowitz (1952), an investor i with given risk tolerance

7, 20 optimizes the trade-off between the mean and the variance of portfolio returns. The

agent chooses the portfolio w, (y,) = [Wm (7)) wo(r) - w7 )], such that
! 1 !
(13) wl.(y/l.)zargmax{xe+r0—2—x5x}
* Vi
possibly subject to constraints (6) and (7) on portfolio composition, with 7, rate of return
on the risk free asset, and (e,S ) estimates of the assets’ expected returns and covariances.

The objective function (13) is known as the Certainty Equivalent Return (CER) for the ex-
pected utility of a mean-variance estimator, and also approximates the CER of a myopic in-

vestor with quadratic utility functions.

For each household we observe a portfolio of weights @, = [a)i’l @, ... a)l,,n} Ctis

common practice in this literature to evaluate the efficiency of the observed portfolio from
the comparison between the CERs of observed and optimal portfolios (see, e.g., DeMiguel

et al., 2009). Define the distance between the two CERs as:

(14) A(%-):LWZ(%)‘?_%W;(%)SW[(7/,-)}—(0);@—%0)[5@]ZO~

i i

Our measure of implicit risk tolerance is the value of y, that minimizes A ( 7 ) ,
(15) J;i:argn}in{A(yi)}

and the expected return gap p, = A( 791) is the minimized objective function.

The first order condition of the problem in equation (15) is

(16) w (7,) Sw ()= @lSe,
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and requires that the risk associated to efficient and observed portfolios is the same. This

requirement coincides with equation (1).

A.2. Portfolio construction

The SCF is exceptionally good in providing detailed information on primitive and com-
posite assets. For instance with regards to mutual funds, we know whether they are tax-free,
bond, balanced, stock or other funds and can then group them accordingly. For four assets
(IRA-Keogh accounts, retirement accounts, annuities, and trust-managed accounts) we
know how they are invested, and classify them as deposits (if invested in “interest-earning
assets”), bonds (if in “annuities or other assets”), stocks (if in “stocks”, “hedge funds”, or
“mineral rights”). If such assets are invested in “stocks and other assets”, the SCF asks the
fraction invested in stocks. In this case we assign this fraction to stocks and what is left to
bonds. It is worth noting, however, that these four assets are commonly tax-reduced, tax-
deferred, or tax-free by statute. This bonus gives rise to an actual return that is higher than
the one we assume; a similar concern arises with liabilities. 87.14 percent of the households
having a mortgage report that they took it out to renegotiate an earlier loan, and 17.59 per-
cent of the remaining ones report that they have an adjustable mortgage rate. Therefore, we
interpret the mortgage rate of our observed portfolios as variable. In our analysis we in-
clude liabilities in the bond category, after noticing that mortgages rates and interest rates
on bonds are linked to similar fundamental economic variables.

In constructing portfolios we make two arbitrary assumptions. We assume that balanced
and other mutual funds are equally weighted in bonds and stocks. This assumption is how-
ever not crucial as the size of these assets in household’s portfolio is negligible in most cas-
es (see Table 1). More substantively, our broad definition of portfolio needs an imputation
of human capital.

Human Capital (HC) is calculated as the sum of the present value of current and future
household earnings, including pension payments. In principle, for each household in the
sample we would like to know current and future earnings, as well as retirement age and
survival probabilities. This would produce the best possible estimate. Unfortunately, the
SCF provides us only information on current earnings.

The approach we follow is to exogenously set retirement age at 65 and survival proba-

bilities to the 2004 period life tables available from Human Mortality Database, and use the
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(education-specific) earnings profile estimated in Cocco et al. (2005)'° to project up to the
retirement age the current values reported by SCF respondents. After retirement, the re-
placement rate estimated in Cocco et al. (2005) from the same data determines the first
pension payment. Further payments are assumed to be constant in real terms. The earnings
projections are then multiplied by the relevant (age- and gender- specific) survival probabil-
ities, and discounted at the real risk-free rate to get a household-specific estimate of HC.
We estimate the real risk-free rate as 1.954%, as the ratio between the nominal risk free rate
in our sample and seasonally-adjusted inflation (CPI, all urban consumers, all items) over
the same period.

Let us consider a household i of age 7. From the SCF we compute its total income y,,,

which we define as the sum of (before taxes) family income from wages and salaries, from
business, unemployment compensation, workers compensation, Social Security, supple-
mental Social Security, child support, other welfare and assistance programs, and total
transfers (mainly help from relatives).!' From the survey we also know the head’s gender

G, and education X, (which we group in three categories: less than high school, high

school, college), and whether the head is retired. Using this information, we compute hu-

man capital as follows:

- for households with retired head, or head above the retirement age R:

D
(17) He, =3 2 ()
| s=t (1+7")

- for households with working head below the retirement age R:

(18) HC, :iyi,f(l_'_gs(Xi))ﬂt,s(Gi)+ i a(Xi)yt(1+gR (Xi))ﬂm (Gl.)
it - (1 + r)s—t & (1 4 r)s—t

where 7, (Gi) is the probability of a household head with gender G, and aged ¢ to be

alive at age s, r is the real risk-free rate, g (X,) is the income growth at age s condition-

' The authors estimate the earnings profile from the US Panel Study of Income Dynamics as a third-order po-
lynomial on age of the head, controlling for family size, marital status, and education. In their sample they
consider only households whose head is working, male, and aged between 20 and 65.

' Consistently with Cocco et al. (2005). This definition of labor income is broad to implicitly allow for (po-
tentially endogenous) ways of self-ensuring against pure labor income risk. A narrower definition would
overstate the risk that agents actually face.
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al on education X, and &(X,) is the replacement rate at retirement, conditional on educa-

tion X,. Table 8 summarizes our calibration of the exogenous parameters.

This crude construction of human capital is admittedly arbitrary. Ideally, we would cal-
culate human capital separately for the head and the spouse, and then combine the two to
form the household human capital. This would require us to take into account survival
pensions, and predict the age-evolution of income at the individual level. However, such
measure is heavily affected by (unpredictable) family dynamics. For this reason, the litera-
ture usually estimates the age-profile of household income, which happens to be more sta-
ble over the life-cycle (see, e.g., Cocco et al., 2005; Scholz et al., 2006). We therefore take
the household as analysis unit, and compute human capital using the age-evolution of

household income.
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Table 1. Aggregate wealth and portfolio composition (% from SCF 2004)

Category Definition
Narrow Broad
Wealth (USD)
25™ percentile 1,538 70,463
50" percentile 11,000 141,300
75" percentile 59,000 256,692
Mean 169,484 475,687
Portfolio composition
Checking accounts 5.388 1.918
Savings and money market accounts 8.766 3.120
Call accounts at brokerages 1.255 0.447
IRA-KEOGH accounts 2.270 0.808
Retirement accounts 0.803 0.286
Annuities 0914 0.326
Trust-managed accounts 1.360 0.484
DEPOSITS 20.756 7.388
Certificates of deposits 4326 1.540
Savings bonds 0.655 0.233
Directly held corp. bonds 6.116 2.177
Tax free mutual funds 1.694 0.603
Govt. bond mutual funds 0.520 0.185
Other bond mutual funds 1.060 0.377
', Balanced mutual funds 0.640 0.228
Y2 Other mutual funds 0.559 0.199
IRA-KEOGH accounts 5.805 2.066
Retirement accounts 0.800 0.285
Annuities 0.874 0.311
Trust-managed accounts 1.734 0.617
Life insurances (cash value) 3.450 1.228
Mortgages on primary residence (-) - -11.100
Lines of credit on primary residence (-) - -0.350
Loans on other real estate (-) - -2.717
BONDS 28.231 -4.119
Directly held stocks 20.670 7.357
Stock mutual funds 11.531 4.104
%> Balanced mutual funds 0.640 0.228
Y2 Other mutual funds 0.559 0.199
IRA-KEOGH accounts 11.311 4.026
Retirement accounts 1.899 0.676
Annuities 1.294 0.460
Trust-managed accounts 3.109 1.106
STOCKS 51.013 18.156
Owner-occupied primary residence - 38.574
Other real estate - 13.725
REAL ESTATE - 52.299
HUMAN CAPITAL - 26.276

Number of observations: 4,095.
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Table 2. Excess return time series statistics

Panel A. Historical excess returns (%)

Asset category Bond Stock Real estate  Human capital
Mean 3.730 5.319 2.286 0.401
Std. deviation 8.719 17.624 7.878 2.492
Sharpe ratio 42.775 30.182 29.018 16.074

Risk free historical return: 5.932 percent.

Panel B. Covariances and correlations (%)

Asset category Bond Stock Real estate Human capital
Bond 0.760 26.743 25.859 15316
Stocks 0.411 3.106 30.605 16.668
Real estate 0.178 0.425 0.621 46.083
Human capital 0.033 0.073 0.091 0.062

Correlations in Italic.

Panel C. Optimal portfolios (%)

Portfolio def. Bond Stock Real estate  Human capital
Narrow 78.914 21.086 - -
Broad 45.004 10.517 18.203 26.276

Narrow definition: tangency portfolio. Broad definition.: efficient portfolio with equali-
ty constraint on the human capital weight, and weights on risky assets summing to one.

Table 3. Summary statistics

Portfolio def. Representative agent Household-specific (median)

Risk tolerance Expected Risk tolerance Expected
return gap (%) return gap (%)
Narrow, 0.211 0.903 0.080 0.116
unconstrained (0.203, 0.219) (0.817,0.991) (0, 0.345) (0, 2.669)
Broad, 0.124 0.888 0.115 0.992
unconstrained (0.122, 0.127) (0.843, 0.935) (0.022, 0.286) (0.080, 7.389)
Broad, 0.368 0.500 0.142 0.044
constrained (0.346, 0.390) (0.468, 0.535) (0.008, 0.933) (0, 1.357)

In parentheses: Representative agent: 95% confidence interval based on 1,000 bootstrap simula-
tions over the household units. From each simulation we compute the aggregate portfolio using the
sampling weights, and separately for the five imputations, Household-specific: 2.5 and 97.5%
quantiles of the empirical distribution.
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Table 4. Implicit median risk tolerance (RT) and self-assessed risk attitude

Narrow def., Broad def., Broad def., N. obs.
unconstrained unconstrained constrained
Self-assessed risk tolerant 0.165 0.130 0.288 1,066
Age class
35 or below 0.114 0.105 0.214 184
36-50 0.154 0.128 0.276 419
51-65 0.216 0.140 0.372 340
66 or above 0.191 0.138 0.295 123
Wealth class
I quartile 0 0.023 0.009 134
IT quartile 0.127 0.129 0.279 135
III quartile 0.172 0.136 0.323 163
IV quartile 0.227 0.143 0.414 634
Self-assessed risk averse 0.058 0.112 0.117 3,029
Age class
35 or below 0 0.039 0.031 525
3650 0.039 0.115 0.175 895
51-65 0.116 0.115 0.154 927
66 or above 0.089 0.117 0.081 682
Wealth class
I quartile 0 0.023 0.009 716
11 quartile 0.014 0.120 0.178 580
III quartile 0.097 0.119 0.151 554
IV quartile 0.179 0.135 0.266 1,179
Whole sample 0.080 0.115 0.142 4,095
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Table 5. Heterogeneity of risk tolerance

Narrow def., Broad def., Broad def., constrained
unconstrained unconstrained Whole sample Top 20% wealth
Age/100 -2.206 -5.604*** -17.454%** -40.187***
(1.389) (1.072) (5.076) (11.607)
Ln(income)/10 -5.477%* -14.896*** -5.139 -36.467**
(2.274) (1.722) (7.968) (15.541)
Ln(wealth)/10 22.390%** 16.156%** 29.872%** 72741 %**
(0.744) (0.620) (2.843) (13.505)
With children -0.054 0.360 -1.258 -2.565
(0.350) (0.250) (1.460) (2.150)
Female 0.085 -0.023 -4.428 -7.217*
(0.521) (0.508) (3.689) (4.245)
Divorced 0.618 1.073%** 8.792%** 0.886
(0.556) (0.455) (2.923) (3.560)
Widowed -0.025 0.432 7.253 3.834
(0.765) (0.674) (5.312) (5.462)
Never married 0.327 -0.951* 3.514 -.2.048
(0.582) (0.529) (3.385) (5.544)
Non-white -0.689* 0.077 -0.328 -2.139
(0.379) (0.307) (1.748) (3.014)
High school graduate 0.195 -0.309 0.756 -3.211
(0.864) (0.749) (2.168) (12.650)
College graduate 0.948 -0.056 3.104 1.995
(0.879) (0.797) (2.846) (12.601)
Employed -0.283 0.546 0.590 -3.208
(0.478) (0.338) (1.398) (3.070)
Self-employed -0.822 0.012 2.849 -2.686
(0.597) (0.386) (2.935) (3.229)
With financial advisor 0.268 -0.005 0.279 0.228
(0.337) (0.218) (1.334) (1.804)
Works in finance sector 0.747 -0.482 3.238 2.362
(0.575) (0.381) (3.014) (3.495)
Shops around 0.790** 0.470%* 3.546%* 0.850
for best rates on credit (0.320) (0.235) (1.395) (1.982)
Uses a computer 0.592 0.258 4.867** 5.366**
to manage money (0.410) (0.275) (1.972) (2.161)
N. financial institutions 0.239%** 0.214%** 1.524%%%* 0.930**
where doing business (0.066) (0.044) (0.357) (0.425)
Self-assessed good health -0.219 0.330 2.999* 0.937
(0.357) (0.258) (1.608) (2.081)
Optimistic about future 0.512 0.120 0.599 0.687
(0.310) (0.230) (1.427) (1.849)
Constant -6.311%%* 10.298*** -9.652 -8.111
(2.369) (1.881) (8.196) (24.968)
Observations 4095 4095 4095 1602
Mult. imp. minimum dof 89.0 146.8 122.3 92.4
RT (}/) average household 0.101 0.113 0.239 0.373

The dependent variable is 1n (1 + 7) ; all parameters and standard errors are multiplied by 100.
Robust standard errors in parentheses. Method: OLS.
“RT (7/) average household” is computed as exp {ln(l + y)} —1 where ln(l + y) is the sample average.

**%: significantly different from 0 at 1 percent; **: at 5 percent; *: at 10 percent.
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Table 6. Summary statistics, robustness check

Portfolio def.

Representative agent

Household-specific (median)

Risk tolerance Expected Risk tolerance Expected
return gap (%) return gap (%)

Numeraire: long-run horizon
Narrow, 0.385 0.324 0.140 0.073
unconstrained (0.370, 0.399) (0.289, 0.360) (0, 0.632) (0, 1.070)
Broad, 0.236 1.109 0.216 1.211
unconstrained (0.231, 0.241) (1.065, 1.153) (0.045, 0.540) (0.215, 5.830)
Broad, 0.439 0.414 0.217 0.026
constrained (0.418, 0.459) (0.382, 0.450) (0.003, 0.976) (0.000, 1.445)
Numeraire: nominal returns
Narrow, 0.161 1.406 0.059 0.136
unconstrained (0.154, 0.166) (1.281, 1.535) (0,0.264) (0, 3.926)
Broad, 0.082 1.139 0.075 1.163
unconstrained (0.080, 0.084) (1.083, 1.198) (0.010, 0.201) (0.078, 9.592)
Broad, 0.384 0.546 0.158 0.068
constrained (0.363, 0.404) (0.513, 0.586) (0.001, 0.943) (0.000, 1.384)
Shorter time series
Narrow, 0.105 3.117 0.031 0.254
unconstrained (0.100, 0.109) (2.879, 3.360) (0, 0.188) (0, 7.557)
Broad, 0.056 1.935 0.051 1.779
unconstrained (0.055, 0.058) (1.853,2.024) (0.006, 0.133) (0.053,9.853)
Broad, 0.350 0.324 0.122 0.068
constrained

(0.336, 0.361)
Real estate returns: OFHEO series

(0.299, 0.355)

(0.003, 0.726)

(0.000, 0.898)

Narrow, 0.211 0.903 0.080 0.116
unconstrained (0.203, 0.219) (0.817,0.991) (0, 0.345) (0, 2.669)
Broad, 0.041 0.875 0.036 0.540
unconstrained (0.040, 0.043) (0.750, 1.011) (0.016, 0.112) (0.023, 8.469)
Broad, 0.254 0.296 0.087 0.072
constrained (0.225, 0.281) (0.273,0.321) (0.008, 0.922) (0,0.934)

In parentheses: Representative agent, 95% confidence interval based on 1,000 bootstrap simula-
tions over the household units. From each simulation we compute the aggregate portfolio using the
sampling weights, and separately for the five imputations, Household-specific: 2.5 and 97.5%
quantiles of the empirical distribution.
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Table 7. Heterogeneity of risk tolerance, robustness check

Numeraire Shorter OFHEO series
Long-run horizon Nominal returns time series for real estate
Age/100 -15.757*** -18.969*** -18.304%** -11.087%**
(4.733) (4.820) (3.392) (3.680)
Ln(income)/10 -3.982 -2.427 -10.670* -9.224*
(7.213) (7.638) (5.899) (5.351)
Ln(wealth)/10 27.741%%* 30.618%** 39.016%** 22.597%%*
(2.615) (2.684) (1.878) (2.061)
With children -1.408 -1.311 -2.346%** -2.57 1%k
(1.347) (1.361) (0.822) (0.813)
Female -4.515 -3.984 -2.376%** -2.430
(3.391) (3.432) (1.800) (1.789)
Divorced 7.742%** 8.454*** 4.857 3.671%*
(2.686) (2.718) (1.529) (1.468)
Widowed 7.009 6.618 2.110 3.335
(4.901) (4.966) (2.750) (2.475)
Never married 3.486 2.998 0.469 1.955
(3.194) (3.147) (1.729) (1.908)
Non-white 0.561 -0.542 -0.601 -1.410
(1.674) (1.619) (0.912) (0.931)
High school graduate 0.961 1.210 0.298 1.430
(2.061) (2.113) (1.850) (1.420)
College graduate 3.185 3.634 4.031%* 4.458%%%*
(2.671) (2.729) (2.074) (1.646)
Employed 0411 0.667 -0.083 -1.136
(1.259) (1.356) (1.158) (1.315)
Self-employed 1.590 2.849 1.785 -0.425
(2.384) (2.746) (1.545) (1.559)
With financial advisor 0.236 0.464 1.561%* 1.193
(1.231) (1.254) (0.807) (0.791)
Works in finance sector 3.320 2.687 1.105 0.177
(2.903) (2.751) (1.281) (1.062)
Shops around 2.788%* 3.415%** 1.864%* 1.601%**
for best rates on credit (1.259) (1.301) (0.778) (0.786)
Uses a computer 4.588** 4.556%** 3.325%** 3.401%**
to manage money (1.900) (1.818) (0.999) (0.900)
N. financial institutions 1.408%** 1.517%*** 1.246%%* 1.112%**
where doing business (0.339) (0.330) (0.194) (0.224)
Self-assessed good health 2.706* 2.696* 1.332 1.118
(L.511) (1.492) (0.867) (0.877)
Optimistic about future 0.384 0.536 0.698 1.322*
(1.334) (1.332) (0.785) (0.794)
Constant -8.246 -12.719 -9.262 -1.378
(7.635) (7.792) (5.882) (5.776)
Observations 4095 4095 4095 4095
Mult. imp. minimum dof 166.5 90.9 58.5 272
RT (}/) average household 0.292 0.238 0.172 0.171

Based on the broad definition, constrained (whole sample).
The dependent variable is ln(l + 7/), and is normalized to produce the same RT for the average household as

the benchmark case. All parameters and standard errors are multiplied by 100.
Robust standard errors in parentheses. Method: OLS.

“RT (7) average household” is computed as exp {ln (1 + 7/)} —1 where ln(l + y) is the sample average.

**%: significantly different from 0 at 1 percent; **: at 5 percent; *: at 10 percent.
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Table 8. Parameter used in the human capital imputation

Symbol  Definition Calibration

D Maximum death age 100

R Retirement age 65

z,, (G,.) Probability of being alive at age s conditional Human Mortality Database

on being alive at age ¢, for given gender G, period life tables for year 2004, males and females

r Discount rate Nominal risk free rate (3-month T-bills) net of
inflation (CPI, all items), period: 1980-2004
=1.954%

g, ( X[) Income growth rate, for given education X, Cocco et al. (2005)

a( Xi) Replacement rate, for given education x, Cocco et al. (2005)
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Figure 1. Metric used for RT estimation
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Figure 4. Empirical cumulative distributions, robustness check
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S.1. Specification with self-assessed measures

In this exercise we use the benchmark estimates of risk tolerance and replicate the regres-
sion analysis of Table 5 in the main text, with a richer specification that includes two self-
assessed measures on risk attitude and time horizon.

The first measure is based on the SCF question:

«Which of the following statements comes closest to describing the amount of
financial risk that you [and your husband/wife/partner] are willing to take when

you save or make investments?»

1. Take substantial financial risks expecting to earn substantial returns
2. Take above average financial risks expecting to earn above average returns
3. Take average financial risks expecting to earn average returns

4. Not willing to take any financial risks

where we code as “self-assessed risk tolerant” households responding 1 or 2.

The second measure is based on the SCF question:

«In planning (your/your family’s) saving and spending, which of the following
is most important to [you/you and your (husband/wife/partner)]: the next few
months, the next year, the next few years, the next 5 to 10 years, or longer than

10 years? »

1. Next few months

2. Next year

3. Next few years

4. Next 5-10 years

5. Longer than 10 years

where we code as “self-assessed short-horizon planner” households responding 1 or 2.

Results from this analysis are shown in Table S1.
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S.2. Results using different asset moments
In this exercise we estimate risk tolerance for each household, taking the same definition of

portfolio as in the benchmark case but changing the asset returns.

S.2.1. Numeraire

We compute asset return moments from the same series of risky asset returns as in the

benchmark case, where now returns are in excess from yields to i) 10-year bonds and ii)

real 3-month T-bills (computed as nominal yields net of inflation growth, with inflation

measured as the variation in the CPI index for all urban consumers, all items). In the

benchmark case we instead use returns in excess from yields to nominal 3-month T-bills.
The time series cover quarterly the sample 1980-2004 (100 observations); the 20 obser-

vations for real estate returns between 1980 and 1984 are imputed as in the benchmark case

following Stambaugh (1997).

Results from this analysis are shown in Tables S2-S5, and in Figures S1-S2.

S.2.2. Time series period coverage
We compute asset return moments from the same series of risky and risk free asset returns
as in the benchmark case, but using a shorter period coverage.
The time series cover quarterly the sample period 1990-2004 (60 observations).
Results from this analysis are shown in Tables S6-S7, and in Figure S3.

S.2.3. Time series for real estate returns
We compute asset return moments from the same series of risky and risk free asset returns
as in the benchmark case, with the exception of real estate returns. Here we use the repeat-
sale, purchase-only index calculated for the whole of the US by the Office of Federal Hous-
ing Enterprise Oversight (OFHEO) from data provided by Fannie Mae and Freddie Mac
(the two biggest mortgage lenders in the US). To account for imputed rents, we increase re-
turns by a constant factor of 5% as in Flavin and Yamashita (2002) and Pelizzon and Weber
(2008).

The time series cover quarterly the sample 1980-2004 (100 observations); in this case no
imputation of real estate returns is needed.

Results from this analysis are shown in Tables S8-S9, and in Figure S4.
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S.3. Results using a different definition of portfolio

In this exercise we estimate risk tolerance for each household, taking the same asset returns
as in the benchmark case, but changing the definition of portfolio. The new definition in-
cludes only (owner-occupied) residential housing as real wealth; consistently, we exclude
from the portfolio other real estate properties and related loans.

Under the new definition, the inequality constraint imposed on real estate in the bench-
mark analysis (the optimal holding of real estate has to be not lower than the observed hold-
ing of residential housing) becomes an equality constraint (the optimal holding of real es-
tate coincides with the observed holding of residential housing). Since the composition of
the observed portfolio has changed, three further constraints are also different from the
benchmark analysis: the equality constraints on human capital and real estate, and the in-
equality constraint on bonds (for which the optimal holding has to be not lower than the
opposite of the observed holding on real estate).

The number of observations in the new dataset is slightly different than in the bench-
mark analysis (4,100 observations rather than 4,095) as we exclude from the original sam-
ple 20 observations (rather than 25) whose portfolios do not respect our constraints. It is al-
so worth pointing out that, while the median wealth is virtually unchanged relative to the
benchmark case (including human capital, it is 142,322 USD as opposed to 141,300 USD),
the distribution of wealth in the sample changes, and the top 20% wealthiest households
considered in the last column of Table S11 are not the same as the ones considered in the
last column of Table 5 in the main text.

Results from this analysis are shown in Tables S10-S11, and in Figure S5.
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Table S1. Heterogeneity of risk tolerance: specification with self-assessed measures

Narrow def., Broad def., Broad def., constrained
unconstrained unconstrained Whole sample Top 20% wealth
Age/100 -1.375 -5.445%%* -15.228%** -37.206%**
(1.390) (1.084) (5.112) (11.768)
Ln(income)/10 -5.922%* -14.983*** -7.873 -39.770%*
(2.275) (1.731) (7.870) (15.926)
Ln(wealth)/10 22.107*** 16.140%*** 29.035%** 71.556%**
(0.762) (0.637) (3.036) (13.610)
With children -0.023 0.366 -1.074 -2.084
(0.347) 0.251) (1.459) (2.187)
Female 0.286 0.017 -3.763 -6.957
(0.516) (0.497) (3.501) (4.280)
Divorced 0.387 1.026%** 8.138%** 0.726
(0.552) (0.451) (2.770) (3.5610)
Widowed -0.301 0.375 6.433 3.298
(0.762) (0.656) (5.040) (5.521)
Never married 0.142 -0.988* 2.855 -0.471
0.577) (0.522) (3.248) (5.677)
Non-white -0.702* 0.072 -0.205 -1.944
(0.380) (0.308) (1.715) (3.051)
High school graduate 0.282 -0.282 0.635 -6.457
(0.861) (0.744) (2.180) (12.963)
College graduate 0.959 -0.044 2.647 -0.981
(0.875) (0.786) (2.705) (12.967)
Employed -0.304 0.546 0.489 -3.259
(0.475) (0.339) (1.404) (3.077)
Self-employed -0.867 0.004 2.712 -2457
(0.596) (0.387) (2.946) (3.264)
With financial advisor 0.288 -0.002 0.308 0.598
(0.335) 0.218) (1.325) (1.823)
Works in finance sector 0.714 -0.490 3.130 2.258
(0.573) (0.382) (3.028) (3.501)
Shops around 0.788%** 0.473%* 3.442%* 0.602
for best rates on credit (0.319) (0.235) (1.410) (2.014)
Uses a computer 0.464 0.233 4.386%* 5.100%**
to manage money (0.410) (0.277) (1.984) (2.184)
N. financial institutions 0.209%** 0.209%** 1.398*** 0.841**
where doing business (0.066) (0.044) (0.343) (0.423)
Self-assessed good health -0.248 0.326 2.828* 0.629
(0.356) 0.261) (1.608) (2.076)
Optimistic about future 0.408 0.101 0.201 -0.122
(0.310) (0.233) (1.441) (1.878)
Self-assessed 0.269 0.124 -1.214 -3.345
short horizon planner (0.344) (0.266) (1.505) (2.579)
Self-assessed risk tolerant 2.107%** 0.410 6.513%* 4.933%*
(0.413) 0.337) (2.594) (2.223)
Constant -6.308*** 10.229%** -6.699 -1.570
(2.367) (1.902) (8.247) (25.968)
Observations 4095 4095 4095 1602
Mult. imp. minimum dof 74.4 172.4 114.8 36.4
RT (}/) average household 0.101 0.113 0.239 0.373

The dependent variable is ln(l + 7/) ; all parameters and standard errors are multiplied by 100.

Robust standard errors in parentheses. Method: OLS.
“RT (7/) average household” is computed as exp {ln(l + 7/)} —1 where ln(l + )/) is the sample average.

*#%: significantly different from 0 at I percent; **: at 5 percent; *: at 10 percent.
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Table S2. Excess return time series statistics: numeraire, long-run horizon

Panel A. Historical excess returns (%)

Asset category Bond Stock Real estate  Human capital
Mean 1.831 3.421 0.137 -1.498
Std. deviation 8.333 17.786 8.133 2.377
Sharpe ratio 21.972 19.232 1.683 -63.034

Risk free historical return: 7.831 percent.

Panel B. Covariances and correlations (%)

Asset category Bond Stock Real estate Human capital
Bond 0.694 27.442 22.291 -1.238
Stocks 0.407 3.163 33.893 23.441
Real estate 0.151 0.490 0.661 52.714
Human capital -0.003 0.099 0.102 0.057

Correlations in Italic.

Panel C. Optimal portfolios (%)

Portfolio def. Bond Stock Real estate  Human capital
Narrow 72.965 27.035 - -
Broad 80.746 32.177 -39.200 26.276

Narrow definition: tangency portfolio. Broad definition: efficient portfolio with equali-
ty constraint on the human capital weight, and weights on risky assets summing to one.
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Table S3. Heterogeneity of risk tolerance: numeraire, long-run horizon

Narrow def., Broad def., Broad def., constrained
unconstrained unconstrained Whole sample Top 20% wealth
Age/100 -2.264 -5.399%** -15.757%** -37.042%**
(1.375) (1.006) (4.733) (11.348)
Ln(income)/10 -5.310%* -13.431%** -3.982 -35.092%%*
(2.248) (1.588) (7.213) (14.587)
Ln(wealth)/10 22.327%%* 15.420%** 27.741%** 68.072%**
(0.736) (0.570) (2.615) (12.400)
With children -0.056 0.390* -1.408 -2.522
(0.346) (0.236) (1.347) (1.999)
Female 0.075 0.015 -4.515 -6.806*
(0.516) (0.457) (3.391) (3.888)
Divorced 0.615 0.991** 7.742%** 0.957
(0.549) (0.423) (2.686) (3.043)
Widowed -0.028 0.366 7.009 4.071
(0.755) (0.598) (4.901) (4.938)
Never married 0.331 -0.993%* 3.486 0.949
(0.577) (0.485) (3.194) (5.850)
Non-white -0.718* 0.051 0.561 -1.421
(0.375) (0.285) (1.674) (2.638)
High school graduate 0.175 -0.326 0.961 -1.981
(0.854) (0.684) (2.061) (11.811)
College graduate 0.941 -0.112 3.185 1.994
(0.869) (0.725) (2.671) (11.758)
Employed -0.278 0.581%* 0411 -3.414
(0.471) (0.315) (1.259) (2.756)
Self-employed -0.818 0.024 1.590 -2.231
(0.590) (0.362) (2.384) (2.949)
With financial advisor 0.277 0.009 0.236 0.266
(0.333) (0.205) (1.231) (1.657)
Works in finance sector 0.735 -0.474 3.320 2.954
(0.569) (0.360) (2.903) (3.532)
Shops around 0.780%* 0.460%* 2.788** 0.984
for best rates on credit (0.317) (0.219) (1.259) (1.740)
Uses a computer 0.592 0.234 4.588** 4.434%*
to manage money (0.406) (0.260) (1.900) (1.940)
N. financial institutions 0.246%** 0.207*** 1.408%** 0.943**
where doing business (0.065) (0.041) (0.339) (0.443)
Self-assessed good health -0.217 0.306 2.706* 0.814
(0.354) (0.242) (1.511) (1.883)
Optimistic about future 0.500 0.115 0.384 0.250
(0.307) (0.214) (1.334) (1.641)
Constant -6.398%** 9.498*%** -8.246 -5.278
(2.343) (1.743) (7.635) (23.271)
Observations 4095 4095 4095 1602
Mult. imp. minimum dof 81.2 166.5 166.5 76.1
RT (7/) average household 0.175 0.211 0.292 0.446

The dependent variable is ln(l + 7/), and is normalized to produce the same RT for the average household as

the benchmark case. All parameters and standard errors are multiplied by 100.
Robust standard errors in parentheses. Method: OLS.

“RT (}/) average household” is computed as exp {ln(l + 7/)} —1 where ln(l + ;/) is the sample average.

**%: significantly different from 0 at I percent; **: at 5 percent; *: at 10 percent.
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Table S4. Excess return time series statistics: numeraire, nominal returns

Panel A. Historical excess returns (%)

Asset category Bond Stock Real estate  Human capital
Mean 4.699 6.288 3.514 1.370
Std. deviation 8.339 17.486 7.402 2.303
Sharpe ratio 56.345 35.963 47.479 59.479

Risk free historical return: 4.963 percent.

Panel B. Covariances and correlations (%)

Asset category Bond Stock Real estate Human capital
Bond 0.695 24.300 16.331 -1.892
Stocks 0.354 3.058 26.723 11.043
Real estate 0.101 0.346 0.548 33.057
Human capital -0.004 0.045 0.056 0.053

Correlations in Italic.

Panel C. Optimal portfolios (%)

Portfolio def. Bond Stock Real estate  Human capital
Narrow 81.759 18.242 - -
Broad 38.332 5.619 29.773 26.276

Narrow definition: tangency portfolio. Broad definition.: efficient portfolio with equali-
ty constraint on the human capital weight, and weights on risky assets summing to one.
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Table S5. Heterogeneity of risk tolerance: numeraire, nominal returns

Narrow def., Broad def., Broad def., constrained
unconstrained unconstrained Whole sample Top 20% wealth
Age/100 -2.290 -6.472%** -18.969%** -39.905%*x*
(1.405) (1.192) (4.820) (11.324)
Ln(income)/10 -5.386** -15.836%** -2.427 -32.982%%*
(2.311) (1.925) (7.638) (14.877)
Ln(wealth)/10 22.488%** 17.167%%* 30.618%** 71.542%**
(0.754) (0.691) (2.684) (13.010)
With children -0.081 0.399 -1.311 -2.663
(0.355) (0.280) (1.361) (2.131)
Female 0.063 -0.066 -3.984 -7.025
(0.529) (0.573) (3.432) (4.256)
Divorced 0.650 1.231%* 8.454%** 0.765
(0.565) (0.510) (2.718) (3.590)
Widowed -0.007 0.532 6.618 3.904
(0.775) (0.763) (4.966) (5.462)
Never married 0.360 -1.036* 2.998 -0.879
(0.591) (0.593) (3.147) (5.386)
Non-white -0.714* 0.066 -0.542 -1.739
(0.383) (0.345) (1.619) (2.946)
High school graduate 0.171 -0.356 1.210 -2.715
(0.857) (0.841) (2.113) (12.570)
College graduate 0.955 -0.054 3.634 2.902
(0.873) (0.896) (2.729) (12.520)
Employed -0.271 0.624* 0.667 -2.869
(0.484) (0.377) (1.356) (3.012)
Self-employed -0.799 0.000 2.849 -2.326
(0.609) (0.430) (2.746) (3.148)
With financial advisor 0.265 -0.019 0.464 0.426
(0.342) (0.244) (1.254) (1.799)
Works in finance sector 0.748 -0.530 2.687 2.020
(0.585) (0.426) (2.751) (3.332)
Shops around 0.806** 0.516* 3.415%%* 1.027
for best rates on credit (0.325) (0.263) (1.301) (1.958)
Uses a computer 0.618 0.305 4.556%* 5.404%*
to manage money (0.418) (0.308) (1.818) (2.124)
N. financial institutions 0.242%** 0.244%** 1.517%%* 0.844**
where doing business (0.067) (0.050) (0.330) (0.413)
Self-assessed good health -0.200 0.373 2.696* 0.885
(0.364) (0.289) (1.492) (2.048)
Optimistic about future 0.515 0.123 0.536 0.469
(0.314) (0.258) (1.332) (1.839)
Constant -6.477H** 10.439%** -12.719 -11.178
(2.400) (2.103) (7.792) (24.385)
Observations 4095 4095 4095 1602
Mult. imp. minimum dof 90.8 149.3 90.9 73.7
RT (7/) average household 0.077 0.076 0.238 0.376

The dependent variable is ln(l + 7/), and is normalized to produce the same RT for the average household as

the benchmark case. All parameters and standard errors are multiplied by 100.
Robust standard errors in parentheses. Method: OLS.

“RT (}/) average household” is computed as exp {ln(l + 7/)} —1 where ln(l + ;/) is the sample average.

**%: significantly different from 0 at I percent; **: at 5 percent; *: at 10 percent.
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Table S6. Excess return time series statistics: shorter time series

Panel A. Historical excess returns (%)

Asset category Bond Stock Real estate  Human capital
Mean 4.107 6.319 4.847 1.462
Std. deviation 5.597 17.335 7.422 2.003
Sharpe ratio 73.375 36.454 65.303 73.017

Risk free historical return: 4.050 percent.

Panel B. Covariances and correlations (%)

Asset category Bond Stock Real estate Human capital
Bond 0.313 -7.560 6.827 12.085
Stocks -0.073 3.005 19.824 10.621
Real estate 0.028 0.255 0.552 31.449
Human capital 0.014 0.037 0.047 0.040

Correlations in Italic.

Panel C. Optimal portfolios (%)

Portfolio def. Bond Stock Real estate  Human capital
Narrow 84.877 15.123 - -
Broad 44.105 6.129 23.490 26.276

Narrow definition: tangency portfolio. Broad definition: efficient portfolio with equali-
ty constraint on the human capital weight, and weights on risky assets summing to one.
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Table S7. Heterogeneity of risk tolerance: shorter time series

Narrow def., Broad def., Broad def., constrained
unconstrained unconstrained Whole sample Top 20% wealth
Age/100 -3.078%* -6.498*** -18.304%** -31.032%**
(1.541) (1.183) (3.392) (8.679)
Ln(income)/10 -4.394* -16.198%** -10.670%* -32.488%**
(2.609) (1.996) (5.899) (9.732)
Ln(wealth)/10 23.037%** 17.905%** 39.016%*** 77.964***
(0.835) (0.691) (1.878) (9.303)
With children -0.280 0.477* -2.346%** -3.740%*
(0.396) (0.277) (0.822) (1.822)
Female -0.134 -0.074 -2.376 -4.417
(0.589) (0.575) (1.800) 3.677)
Divorced 0910 1.280%** 4.857*** 1.627
(0.635) (0.507) (1.529) (3.174)
Widowed 0.161 0.549 2.110 0.970
(0.852) (0.780) (2.750) 4.791)
Never married 0.621 -1.061* 0.469 -2.496
(0.657) (0.588) (1.729) (3.966)
Non-white -0.954%%* 0.138 -0.601 0.159
(0.416) (0.340) (0.912) (2.510)
High school graduate -0.052 -0.502 0.298 -0.038
(0.811) (0.838) (1.850) (9.847)
College graduate 0.996 -0.182 4.031%* 5.369
(0.836) (0.895) (2.074) (9.808)
Employed -0.174 0.682* -0.083 -0.355
(0.539) (0.377) (1.158) (2.356)
Self-employed -0.636 0.148 1.785 -0.719
(0.695) (0.437) (1.545) (2.460)
With financial advisor 0.240 -0.046 1.561* 1.372
(0.384) (0.244) (0.807) (1.551)
Works in finance sector 0.717 -0.520 1.105 0.699
(0.666) (0.424) (1.281) (2.300)
Shops around 0.908%* 0.527%* 1.864%* 0.873
for best rates on credit (0.366) (0.261) (0.778) (1.627)
Uses a computer 0.811* 0.273 3.325%** 3.766**
to manage money (0.480) (0.305) (0.999) (1.677)
N. financial institutions 0.271%*** 0.237%%* 1.246%** 0.399
where doing business (0.077) (0.049) (0.194) (0.284)
Self-assessed good health -0.053 0.400 1.332 -0.540
(0.415) (0.286) (0.867) (1.664)
Optimistic about future 0.518 0.054 0.698 0.098
(0.350) (0.256) (0.785) (1.548)
Constant -7.7769%** 10.114%** -9.262 -26.290
(2.663) (2.136) (5.882) (17.968)
Observations 4095 4095 4095 1602
Mult. imp. minimum dof 74.5 165.1 58.5 36.3
RT (7/) average household 0.049 0.051 0.172 0.324

The dependent variable is ln(l + 7/), and is normalized to produce the same RT for the average household as

the benchmark case. All parameters and standard errors are multiplied by 100.
Robust standard errors in parentheses. Method: OLS.

“RT (}/) average household” is computed as exp {ln(l + 7/)} —1 where ln(l + ;/) is the sample average.

**%: significantly different from 0 at I percent; **: at 5 percent; *: at 10 percent.
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Table S8. Excess return time series statistics: OFHEO series

Panel A. Historical excess returns (%)

Asset category Bond Stock Real estate  Human capital
Mean 3.730 5.319 4.139 0.401
Std. deviation 8.719 17.624 4.201 2.492
Sharpe ratio 42.775 30.182 98.533 16.074

Risk free historical return: 5.932 percent.

Panel B. Covariances and correlations (%)

Asset category Bond Stock Real estate Human capital
Bond 0.760 26.743 23.853 15316
Stocks 0.411 3.106 4.697 16.668
Real estate 0.087 0.035 0.177 71.227
Human capital 0.033 0.073 0.075 0.062

Correlations in Italic.

Panel C. Optimal portfolios (%)

Portfolio def. Bond Stock Real estate  Human capital
Narrow 78.914 21.086 - -
Broad -12.429 14.402 71.751 26.276

Narrow definition: tangency portfolio. Broad definition: efficient portfolio with equali-
ty constraint on the human capital weight, and weights on risky assets summing to one.
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Table S9. Heterogeneity of risk tolerance: OFHEO series

Narrow def., Broad def., Broad def., constrained
unconstrained unconstrained Whole sample Top 20% wealth
Age/100 -2.206 -2.459%** -11.087%** -13.614
(1.362) (0.457) (3.680) (9.767)
Ln(income)/10 -5.477** -4.214%** -9.224%* -29.324 %%
(2.358) (0.776) (5.351) (10.600)
Ln(wealth)/10 22.390%*** 4.211%** 22.597*** L. 111%**
(0.769) (0.260) (2.061) (10.028)
With children -0.054 -0.006 -2.571HH* -4.172%*
(0.346) (0.106) (0.813) (2.036)
Female 0.085 -0.101 -2.430 -5.900
(0.515) (0.228) (1.789) (4.247)
Divorced 0.618 0.496** 3.671%* 1.331
(0.553) (0.198) (1.468) (3.980)
Widowed -0.025 0.247 3.335 3.684
(0.768) (0.308) (2.475) (5.403)
Never married 0.327 -0.206 1.955 0.635
(0.576) 0.231) (1.908) (4.695)
Non-white -0.689%* -0.075 -1.410 -4.712%
0.377) (0.131) (0.931) (2.435)
High school graduate 0.195 -0.069 1.430 5.303
(0.852) (0.320) (1.420) (8.031)
College graduate 0.948 0.142 4.458%+* 10.239
(0.865) (0.343) (1.646) (8.074)
Employed -0.283 0.141 -1.136 -1.693
(0.462) (0.150) (1.315) (2.653)
Self-employed -0.822 -0.116 -0.425 -3.750
(0.583) 0.173) (1.559) (2.687)
With financial advisor 0.268 0.020 1.193 0.989
(0.350) (0.100) (0.791) (1.708)
Works in finance sector 0.747 -0.174 0.177 -1.815
(0.556) (0.156) (1.062) (2.187)
Shops around 0.790** 0.151 1.601%* 0.391
for best rates on credit (0.317) (0.101) (0.786) (1.758)
Uses a computer 0.592 0.243** 3.401%** 4.574%*
to manage money (0.417) (0.118) (0.900) (1.874)
N. financial institutions 0.239%** 0.100%*** 1.112%** 0.733%**
where doing business (0.071) (0.022) (0.224) (0.294)
Self-assessed good health -0.219 0.142 1.118 0.566
(0.359) (0.114) (0.877) (1.785)
Optimistic about future 0.512 0.105 1.322%* 2.031
(0.330) (0.099) (0.794) (1.824)
Constant -6.311%%* 4.607*** -1.378 -54.34]%**
(2.390) (0.816) (5.776) (17.704)
Minimum obs 4095 4095 4095 1602
Mult. imp. minimum dof 89.0 148.0 27.2 56.3
RT (}/) average household 0.101 0.043 0.171 0.319

The dependent variable is 111(1 + 7/), and is normalized to produce the same RT for the average household as

the benchmark case. All parameters and standard errors are multiplied by 100.
Robust standard errors in parentheses. Method: OLS.

“RT (}/) average household” is computed as exp {ln (1 + 7/)} —1 where ln(l + y) is the sample average.

**%: significantly different from 0 at I percent; **: at 5 percent; *: at 10 percent.
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Table S10. Summary statistics: only residential housing as real estate

Portfolio def. Representative agent Household-specific (median)
Risk tolerance Expected Risk tolerance Expected
return gap (%) return gap (%)
Narrow, 0.212 0.903 0.080 0.116
unconstrained (0.204, 0.219) (0.823,0.991) (0, 0.345) (0, 2.669)
Broad, 0.120 0.771 0.111 0.935
unconstrained (0.117, 0.124) (0.737, 0.808) (0.022, 0.285) (0.073, 7.304)
Broad, 0.356 0.268 0.114 0.026
constrained (0.329, 0.384) (0.245, 0.290) (0.008, 0.822) (0, 0.598)

In parentheses: Representative agent: 95% confidence interval based on 1,000 bootstrap simula-
tions over the household units. From each simulation we compute the aggregate portfolio using the
sampling weights, and separately for the five imputations, Household-specific: 2.5 and 97.5%
quantiles of the empirical distribution.
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Table S11. Heterogeneity of risk tolerance: only residential housing as real estate

Narrow def., Broad def., Broad def., constrained
unconstrained unconstrained Whole sample Top 20% wealth
Age/100 -2.252 -5.624*** -16.463*** -28.429%**
(1.387) (1.065) (2.787) (9.527)
Ln(income)/10 -5.516%* -15.626*** -10.641%* -25.325%%*
(2.270) (1.759) (5.122) (10.548)
Ln(wealth)/10 22.393%** 16.398%** 28.994*** 88.212%**
(0.743) (0.614) (1.497) (11.051)
With children -0.057 0.391 -1.044 -3.790*
(0.349) (0.245) (0.668) (1.958)
Female 0.067 0.346 -0.365 -3.099
(0.521) (0.404) (1.070) (3.672)
Divorced 0.647 0.777* 2.843%** -2.589
(0.554) (0.424) (1.130) (3.398)
Widowed -0.010 -0.221 -0.007 -0.549
(0.764) (0.456) (1.564) (4.814)
Never married 0.328 -1.347%%* -0.785 -2.760
(0.581) (0.481) (1.204) (4.012)
Non-white -0.678* -0.059 -2.180%** -6.913%%*
(0.379) (0.301) (0.694) (2.489)
High school graduate 0.190 -0.379 -0.232 7.539
(0.863) (0.740) (1.469) (7.167)
College graduate 0.962 -0.126 2.647* 13.305*
(0.878) (0.768) (1.565) (7.167)
Employed -0.307 0.574* 0.258 -1.689
(0.476) (0.345) (1.016) (2.636)
Self-employed -0.783 0.060 0.204 -3.511
(0.597) (0.392) (1.285) (2.719)
With financial advisor 0.275 0.078 1.723** 2.945%
(0.336) (0.215) (0.678) (1.707)
Works in finance sector 0.741 -0.600 -0.319 -1.494
(0.574) (0.387) (1.050) (2.432)
Shops around 0.783%* 0.505%* 1.505%%* 0.468
for best rates on credit (0.320) (0.233) (0.651) (1.779)
Uses a computer 0.558 0.151 2.254%** 2.313
to manage money (0.410) (0.275) (0.831) (1.899)
N. financial institutions 0.245%** 0.165%** 0.875%** 0.386
where doing business (0.066) (0.043) (0.157) (0.300)
Self-assessed good health -0.218 0.282 1.147 -1.472
(0.357) (0.257) (0.728) (1.778)
Optimistic about future 0.507 0.166 1.503** 2.159
(0.310) (0.221) (0.623) (1.683)
Constant -6.254%%%* 11.001*** -0.891 -58.391%**
(2.365) (1.914) (5.096) (17.602)
Minimum obs 4100 4100 4100 1595
Mult. imp. minimum dof 96.1 180.3 94.7 26.2
RT (7/) average household 0.101 0.110 0.188 0.322

The dependent variable is ln(l + 7/), and is normalized to produce the same RT for the average household as

the benchmark case. All parameters and standard errors are multiplied by 100.
Robust standard errors in parentheses. Method: OLS.

“RT (}/) average household” is computed as exp {ln(l + 7/)} —1 where ln(l + ;/) is the sample average.

**%: significantly different from 0 at I percent; **: at 5 percent; *: at 10 percent.
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Figure S1. Empirical cumulative distributions: numeraire, long-run horizon
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Figure S2. Empirical cumulative distributions: numeraire, nominal returns
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Figure S3. Empirical cumulative distributions: shorter time series
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Figure S4. Empirical cumulative distributions: OFHEO series
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Figure SS5. Empirical cumulative distributions: only residential housing as real estate
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