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1. Introduction

Households face portfolio allocation problems othesir entire life-cycle, across different
stages of the business cycle and with differenelkewf background risk. Understanding
how their portfolio risk varies over age and tirseciearly important for academics, profes-
sionals and policy makers. In particular, policykerxs are ultimately interested in house-
hold wellbeing. They may want to prevent househdtden bearing inefficiently low or
high portfolio risks, to facilitate consumption saotbing (Cocco et al., 2005) or reduce
wealth and income inequalities (Guvenen, 2006; Kdisiand Kumar, 2011).

In this paper we provide new insights on the ewvotubf the households’ portfolio risk
borne at a given point in time. We exploit datarfrthe US Survey of Consumer Finances
(SCF) from 1998 to 2007 to derive household padfylestimate various measures of risk
and study the correlation between risk bearing,ltiweage, time, cohort, and the main
household socio-demographic characteristics. Aeldiaply of literature already investigates
household portfolio risk using micro data on pditfchoice (see Guiset al, 2001, for a
review), but most of it focuses on specific typégisk (e.g., the stock share in financial
portfolio), and relies on cross-sectional datag@ingle year, or on data regarding a specif-
ic part of the population (e.g. Agnest al, 2003; Ameriks and Zeldes, 2004; Lusardi and
Mitchell, 2007).

Our analysis departs from the existing literaturehree important directions. First, we
make use of repeated cross sections of SCF dateh athows us to disentangle the age ef-
fects from time and cohort effects in a nationalpresentative and accurate dataset.
Second, we consider comprehensive measures of\Wskindeed compare the financial
stock share with the standard deviation of thenfoma portfolio (also including risk free
deposits and risky bonds) and with the standardatdewn of a portfolio including not only
financial assets but also human capital, real @statsiness wealth and related liabilities.
Neglecting in particular non-financial assets magshthe analysis, because such assets
usually account for most of household wealth, d®y tare more relevant in some groups of
households (e.g., human capital for the youngess,obusiness wealth for entrepreneurs).
A standard deviation is a weighted sum of assateshavhich allows to summarize in one
single statistic the multidimensional nature of ploetfolio composition, also accounting for
the different degree of risk the assets bring taskbold wealth. However, the various

measures we consider do not necessarily provideahe ranking of risk bearing, as they
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are based on a different set of assumptions atifieaetht information set. Indeed, while for
the stock share only the information on the tatgeél of financial wealth is required, for the
standard deviation we also exploit the portfolionpmsition and the risk characteristics of
the asset categories. A final departure of ouryaisis that we make a distinction in three
sources of financial and non-financial risks. Speaily, we consider conditional, con-
strained and idiosyncratic risks. The distinctisrdue to the fact that non-financial assets
are generally less liquid than financial ones, ead then be taken as exogenous at least in
short-term portfolio choice, and the same assets @rry idiosyncratic risk that cannot be
easily diversified. For each risk component we themly its contribution to total risk, and
how it relates to observable household charadiesist

Our findings are the following. Our indicators amgerfectly correlated, and the corre-
lation is particularly low when comparing measubased on the financial portfolio with
those based on the complete portfolio made of Gr@mnd non-financial assets. This im-
plies that, if one is interested in making a ragkof different household portfolios, the
choice of the risk measure matters. The indicatwogever, agree in indicating that many
households bear only limited risk, and that riskrbe fell in the 2000s. In addition, after
accounting for the main observable household ckeniatics, we find that the measures in-
crease with wealth, good health status, and firdusophistication. We also find weak evi-
dence of cohort effects, and stronger evidencar effects. Finally, our analysis reveals
a flat age-risk profile over the life-cycle, keegiall the other household variables constant.

The remainder of this paper is organized as folld®estion 2 surveys the literature on
household portfolios, risk, age and time effectsct®n 3 presents our measures of risk,
while Section 4 describes our survey and time sataa. Section 5 shows our main find-
ings and discusses some robustness checks. FiSaltyion 6 concludes. The Appendix
provides technical details on the constructionwhhn capital in household portfolios and
on the complete risk components. A separate, Soypigary Appendik reports the com-

plete set of results for the robustness checks.

! Available atwww.sites.google.com/site/abucciolffiles/riskbegrinppendix.pdf
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2. Household risk bearing, age, cohort and time eftts

Economists, professionals and policy makers loaka#d and theories on household portfo-
lios from different perspectives and with differemmns, but all of them are interested in an
accurate description of what households actuallyvidb their own money. In particular,
attention is paid to the risk borne by the housgtiohnd on how it changes with age and
over time. For most of the theoretical and empiriitarature this means to investigate the
fraction of household financial wealth investedigky assets, usually stocks.

Models that examine optimal portfolio choice in fresence of non-tradable labor in-
come, including Heaton and Lucas (1997, 2000) aicgika (2001), find that equity shares
ought to decline throughout the life-cycle. Thisbiscause households initially choose an
optimal share of wealth to invest in the risky &sgkile considering their future labor in-
come as a safe asset. As the life-cycle prograssa® labor income is realized and it is
substituted with bonds, which they consider a toéeléorm of safe assets. If permanent in-
come risk is the most relevant source of incomefos the elderly, then the former predic-
tion is consistent with Angerer and Lam’s (2009)dfngs that an increase in permanent in-
come risk is associated with a reduction in thkyrssset share of the household portfolio.
This intuitive result becomes weak when housingan-homothetic preferences are consi-
dered. Cocco (2005) considers a life-cycle mod#h Wwousing included in the utility func-
tion which predicts that younger households aréliighvested in housing and thus have
limited wealth to invest in stocks, which reduclke benefit of stock ownership. Wachter
and Yogo (2010) consider the case of non-hometheility functions, with “basic” and
“luxury” goods, which produces — together with aname profile increasing with age — an
age profile for the risky asset share flatter ttfz& one obtained with homothetic utility
functions.

Empirical works are necessary to shed light onréiation between age and financial
risk bearing, because there seems to be no agreemere theoretical literature. Studies
using a single cross section usually find that fadls with age (for instance see Mclnish,
1982, Morin and Fernandez Suarez, 1983, and Pall896), but their informative power
is limited for at least two reasons: (i) they candisentangle age, cohort and time effects,
(i) the ratio of financial risky assets to houskeh(met) financial wealth is not a sufficient

statistic for the financial risk borne by the hduslels.



Some papers improve the evidence based on a sirgge section by considering either
repeated cross sections, or panel data. Poterb&andick (1997) use the Survey on Con-
sumer Finance (SCF) from 1983 to 1995 to show hgevaand cohort effects interact in de-
scribing portfolio shares and they show, among rothimgs, that younger cohorts have a
higher attitude to accumulate housing debt. Jigplalsoand Bernasek (2006) use 1989,
1995 and 2001 SCF data to show that the risky adsme decreases with age and that
younger cohorts invest a smaller fraction of the@alth in risky financial assets. Using
panel data sets, as the Panel Survey of Incomerbigsait is possible to directly investi-
gate the determinants of the entry — exit decigiotihe stock markets and of the portfolio
rebalancing. With this respect, Brunnermeier ande\42008) prove that households re-
balance very slowly; Alan (2006) assesses to wkiainé the participation to the stock mar-
ket over the life cycle is affected by entry cdstsfirst time investors; Biliagt al. (2010)
document that portfolio rebalancing is not rela@dnarket movement. This evidence sug-
gests that it might be the case that at least sarttee risk is passively borne by the house-
hold due to their inability to react to the new kerconditions.

3. Measures of risk bearing

We consider alternative indicators of risk bearibgsed on observations on household
portfolio holdings at market value, using differ@etfinitions of portfolio. For each indica-
tor, a higher value means higher risk bearing. iRdécators, however, are derived from
different information sets and, for this reasont, mecessarily they provide the same rank-
ing of risk bearing.

3.1. Financial portfolio
Let us consider an economy with one risk free aasdta set ofn risky financial assets.

For each household,i =1,...N observed at time, we know its portfolio shares,

W, =[wt,1 W, .. v,ym]'. In our application,m=2 as we consider (corporate and

government) bonds and stocks as risky assets. Wisdfinancial portfolio”.
Following the standard literature on risk, our ffirsdicator is the share of the financial
portfolio held in stocks:



1) W, -
Although popular for its simplicity, this measuregtects that not only stocks, but also oth-
er assets contribute to household portfolio risk. iRstance in a financial portfolio, corpo-
rate (government) bonds may be subject to firmuifty-) specific risk. In addition, the
indicator ignores that in some years the same asagtbe riskier than in other years. This
issue is certainly important, as shown by the recaesis of the financial markets.

Our second indicator acknowledges for this by caimguthe expected standard devia-
tion of excess returns in the financial portfolltnis is a weighted combination of the asset
shares, with weights given by the risk propertieeach asset. This calculation requires to

know, for all the risky asset categories, variaraxed covariances of their returns in excess

from the return to the risk free asset. Let us Edlithe matrix of variances and covariances

at timet. For each householdi =1,...N observed at timg we then compute the financial

portfolio standard deviation as

1
(2) o, =(W.1'Zt”wt )2-
This indicator provides a thorough assessmentehtiusehold risk borne with a financial
portfolio. The measure, however, does not descatad household portfolio risk; in fact, it
ignores that other non-financial assets — whicleroficcount for a large amount of total
wealth — also carry risky.

3.2. Complete portfolio
We then extend our definition of portfolio, and s@er an economy with one risk free as-

set and a set oh>m risky (financial and non-financial) assets. Forctedousehold

ii=1..N attimet, we observe its portfolio shares; =[ &g, @« , ... &, ] In our

application,n=5 and we consider as risky assets not only bondstuis, but also busi-
ness wealth, real estate, and human capital. liti@dldve treat liabilities related to busi-
ness wealth and real estate; for sake of simpligigygroup them in the same category as

bond, since they show similar risk characterists. call this “complete portfolio”.



Let us now callZ, the matrix of variances and covariances at tiwlethe excess returns

for these asset categories. This allows us to ctenjpe complete portfolio standard devia-
tion:

1
(3) o, =(cq['m )2.
Non-financial assets are less liquid than finanagsdets. For instance, the real estate market
is characterized by large transaction costs; intimg most of the real estate share in
household portfolios is held in is residential hags and therefore constrained to satisfy
consumption needs. Similar arguments can be madkeodegree of liquidity in business
wealth and human capital. In a short time horizmesé assets may be seen as completely
illiquid, which means that their holdings cannotdienged and are taken as exogenous in-
put in a portfolio choice problem (Flavin and Yatmi¢es, 2002).

To this end, we distinguish the portfolio shatgs for household,i =1,... N at timet,

U

in two componentsg, :[cq{' a{‘} . Sharesw| include all the holdings of financial risky

assets (bonds and stocks), whereas shagteaclude all the holdings of non-financial risky

assets (business wealth, real estate, and humatalcap/Ne therefore partition the va-

riance-covariance matriX, in four blocks:

thf ztfn
Zt = [ fn' nn
Zt Zt

where =" regards financial assetg;," non-financial assets, ang"the covariance be-

tween financial and non-financial assets.

Households face both market and idiosyncratic @ke may assume that idiosyncratic
risk is eliminated through diversification when @sting in bonds and stocks; however,
likely it is still present in the non-financial &s — whose investment cannot be properly

diversified because of their large size. Therefdhe, variance-covariance matrix of the
non-financial assetsy;", should include a component reflecting the idi@sgtic risk of
these assets. By definition, these risks are notlketed with the other sources of risk and

we can decomposE!"as:

ztnn - itnn + ztnn
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where " is the market variance-covariance matrix at tinoé the excess returns for our

non-financial assets an@l; is the diagonal matrix of idiosyncratic variancestimet,
50" = diag{(o%7)} with k=123

It can be shown (see Gourieroux and Jouneau, 1808etails) that the complete portfolio

variance is the sum of three components:
O =T =q "N Q"+ T "5
with " = & +(Zl”)_12tf”agt“ and I™ =Z““—th”(zlﬁ)_lzlf“. In our analysis we will

consider these components separately.

Specifically, we take the conditional standard d#&on:

1
@ o/ = ("% ")

This measure differs from measure (2) based orfitla@cial portfolio for three reasons.
First, shares are expressed in terms of finandie pon-financial wealth, rather than just

financial wealth; second, the bond share is redimedny existing liabilities on business

wealth and real estate; third, sham@§" include a hedging component depending on the

. . -1 . . . .
non-financial asset shareézt”) >"a, which reflects the covariance between financial

and non-financial asset returns. Notice that th@aae of the non-financial assets does not
enter in the formula.
We also take the constrained standard deviatioighaih contrast is considered fixed in

the short run:

1
©) o = (w5
We finally treat the idiosyncratic standard deati
1
(6) o =(cqt”' 5 cqt”)z.

Furthermore, we also contrast the complete poatf@total”’) standard deviationg, , with

what we call the complete portfolio “market” stardiaeviation which neglects the idio-

syncratic component:



_ _ 1/2
(7) O :(a)ltfln’ztff a?tﬂn +a1’tn’ztnr1 fa&n) '

4. Data

4.1. Household portfolios

There are few surveys potentially useful to invgste how US households change their
portfolio along the life-cycle. The Panel Study lotome Dynamics (PSID) is comple-
mented by a Wealth Supplement run from 1984 to 1989y five years, and every two
years since 1999. The PSID is a longitudinal datasel thus it enjoys the typical advan-
tages of panel data. However, with its informatmnassets holdings it is not possible to
clearly separate the investment in risk free assetsh as deposits, from the investment in
financial assets that entail some risk, such agmgorent bonds. This limitation does not
allow us to properly assess portfolio risk. Portfolescription is more detailed in the
Health and Retirement Study, which is also a lardiital study, but focuses on the popula-
tion over the age of 50. An obvious candidate @dtés our purpose is therefore the US
Survey of Consumer Finances (SCF).

The SCF is a repeated cross-sectional survey afedimmlds conducted every three years
on behalf of the Federal Reserve Board. It colldetsiled information on assets and liabil-
ities, including home ownership and mortgages, tteggewith the demographic characteris-
tics of a sample of US households. The survey dedilely over-samples relatively wealthy
households to produce more accurate statisticepinanalysis we then use the sampling
weights provided by the SCF to obtain unbiasedssizd for the US population. The SCF
also handles the high rate of item non-responsedlypf wealth-related micro data by im-
puting a set of five values that represent a distion of possibilities. Multiple imputations
of missing data increase the efficiency of estiorgtiallowing the researcher to use all
available information, and have the distinct adagetof providing information on uncer-
tainty in the imputed values. We exploit this imf@tion as suggested in Rubin (1987); we
develop our analysis independently for each offthe completed datasets and our final
statistics are the average of the estimates defivedach dataset; standard errors account

for the variability both within and between thesefdatasets.



Our data on household portfolio holdings are takem the waves from 1998 to 2007 of
the SCF Our final sample consists of 15,064 householdk Weiad aged between 25 and
80. We consider two definitions of portfolio. Thénancial” definition includes the main
financial assets, grouped in three categories: siep@hat we treat as risk free), bonds, and
stocks. The “complete” definition also includes famtapital, business wealth, real estate,
and related liabilities. We include liabilities the bond category, while the other three as-
sets form new categories. Human capital is estidnataditional on age, gender, race and
education of the household head using an approaaiersto Jorgenson and Fraumeni
(1989). In a nutshell, it is a discounted projectad the future realizations of gross income,
for the head and the spouse (if any); see the Agipdar details.

Over the period we analyze, the size of househ@adltiv (in 2007 USD) rose markedly
using either definition. The median value of fin@havealth moved from 22,000 USD in
1998 to 30,550 USD in 2007; the corresponding \slie the complete definition of
wealth were 1,246,594 USD in 1998 and 2,021,287 WEPD07. Wealth was fueled by a
rising stock market between 1998 and 2001, anddnygrwages and house price markets
between 2004 and 2007.

Each asset is classified as defined in Table 1¢hvhiso reports the composition of the
aggregate complete portfolio, computed accountomgriultiple imputations and sampling
weights. The financial portfolio includes all thesats in the deposits, bonds, and stocks
categories of the complete portfolio, thereforelading mortgages and other liabilities.
There is no exact correspondence in the questibab the various SCF waves, as for in-
stance before 2004 we have no information on thetibn of balanced composite assets
(IRA-KEOGH accounts, retirement accounts, annuitiasst-managed accounts) invested
in stocks. We then exploit information from a quaston the prevalence of deposits, stocks
and bonds in these composite investments to imjheie value to the corresponding asset
class. However, the trend shown by these assét® irmputations before 2004 (with more

wealth held in deposits and less in stocks) is isterst with the trend observed in other as-

2 We neglect waves prior to 1998 because portfdlagpen to be largely different from those obseiwddit-
er waves, as they are more highly concentrateéposits (also for a change in the questionnaire) bt
lieve that including these waves would bias oullysmisias changes in portfolios would merely refiastitu-
tional, regulatory and market changes in the setvastment possibilities. For instance, only relgef01(k)
and similar retirement accounts became widely afd, and new means of stock trading emerged, a&sich
Internet-based brockerage services.
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sets whose definition has remained constant athessaves (e.g., saving and money mar-
ket accounts, directly held stocks, etc.).

Notice that the largest share in the aggregatdqgboris by far human capital (between
76% and 79%), which is roughly in line with simurett studies in Cocco (2005) and lower
than in estimates from Jorgenson and Fraumeni {1WB6 calculate a 90% human capital
share for the US between 1948 and 1984. In our leating aggregate share of human capi-
tal is lower, and keeps falling over the years,aose of population ageing and because in
the period under investigation its returns weredowhan financial wealth (over the years
1998-2001) and real estate (2004-2007) ones.

Excluding human capital which is not accounted floe, size and time trend of the other
aggregate assets is in line with official SCF stats (Bucks et al., 2009). The second larg-
est share of wealth is held in real estate (betvi®@8f and 13%), mostly in owner-occupied
residential housing; treatment of mortgages, esfigcon the primary residence, deter-
mines an aggregate short position in the bonds.clas

From the table we see that most financial wealtreis in stocks. Interestingly, we ob-
serve marked difference between portfolios in tB88land 2001 waves, and portfolios in
the 2004 and 2007 waves. Indeed, the share ofrthedal portfolio invested in stocks was
around 60% in waves 1998 and 2001 and smallerndr60%, in waves 2004 and 2007.
The decline between 2001 and 2004 was coupledantthrresponding increase in the hold-
ings of deposits, from roughly 20% to 30%. In castr the holdings of bonds kept rather
stable at 20% of the overall financial wealth. Tp&tern stopped an enduring trend show-
ing the shift of financial wealth from safe anddesky financial assets (deposits, bonds) to
more risky financial assets (stocks). It shouldnb&iced that bond returns in excess from
returns to risk free assets have been rather dbableeen 2001 and 2004 (see Section 4.2):
other things being constant bond and deposit sisti@dd have increased at the same pace.
This evidence thus suggests that the time variatidhe composition of the aggregate port-
folio does not merely reflect changes in the valtighe assets, but also some households'

willingness to reshape their portfolios.

TABLE 1 ABOUT HERE

% For instance, the share of stocks in the aggrdigatecial portfolio of 2007 is roughly 4.74 /(2.62.03
+4.74) = 50.32%, where 2.03 is the total amourftloEctly and indirectly) owned bonds (excludinghlili-
ties).
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To better understand the evolution of portfoliogrthe life-cycle, we group our obser-
vations by cohorts. Specifically, we define cohostihin a range of 5 birth years. Our
sample contains 13 such cohorts, born between 28801984. Since the oldest and the
youngest cohorts are built from few observationghe following figures we will show co-
hort-specific statistics based on at least 100rvhsiens.

We start with the cohort-specific age profile ofalitb. For each cohort and for each
wave we compute aggregate wealth as the averadthweidings in the sample, weighted
using the SCF sampling weights. Figure 1 showgdhkalting age profile for the financial
definition (left panel) and for the complete defiion (right panel) of wealth. Values are re-
ported in 2007 USD using the Consumer Price Indexall urban consumers (source: US
Bureau of Labor Statistics). In the figure, lindaged more toward the left describe young-
er cohorts than lines toward the right. The figsinews for financial wealth the typical in-
verted U-shape profile, with remarkable cohort &ine effects, with younger cohorts sys-
tematically richer than older ones. In contrastnptete wealth falls monotonically with

age, because human capital progressively decreases.

FIGURE 1 ABOUT HERE

We then turn our attention to the single assetihgil Figure 2 reports the age profile of
the asset shares for our complete definition offplie. Cohort portfolios are constructed
as the aggregate portfolios from the (weightedeolsions in our sample and conditional
on cohorts and age. Financial portfolio sharesatcsaem to vary remarkably over the life-
cycle. In contrast, complete portfolio shares Vargely. Most of the variation is driven by
human capital, which accounts for nearly 100% oéliteat the beginning of economic life
and then markedly falls with age, leaving all thleep asset shares rise. The remaining age
variation in portfolio allocation seems driven bettiming of housing investment. With
volatile house prices, the insurance motive makesg households purchase their house
early in life (see Sinai and Souleles, 2005 andkBat al, 2010a). In order to increase
their housing consumption they resort to deBrom the comparison across cohorts, it
emerges that younger cohorts have larger posiiiofsiman capital and real estate, and

smaller positions in stocks. It is worth noticifat the stock share is increasing more mar-

* The percentage of households with a mortgage pak®und the age of 45.
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kedly only when the negative bond position is desireg. That is, debt positions primarily
due to real estate investment make stock investhasstattractive. This evidence is consis-
tent with Becker and Shabani (2010) who find thatdeholds with mortgage debt are 10
percent less likely to own stocks and 37 percest likely to own bonds compared to simi-
lar households with no outstanding mortgage debt.

Later in the life cycle, households are expecteddwnsize their housing investment.
However, older households do not switch from homenship to renting. Thus, if they re-
duce their position in primary residence, they ddog moving to a smaller, but still owned,
house. This finding is consistent with Bargtsal. (2010b), who show that the housing tran-
sition rate from owner to renter in a five-yeargans a mere 4.3% for the US homeowners

over 50 years old.

FIGURE 2 ABOUT HERE

4.2. Asset time series

Information on asset market returns is essenti@stimate our standard deviation meas-
ures. We take annual financial returns (bonds &mcks) from the “Merrill Lynch US Cor-
porate & Government Master Index” and “MSCI USA &tdndex” time series of US asset
total return indices (downloaded from Datastreai@. consider as risk free annual return
for deposits the yield of 3-month T-bills. Annuaturns for business wealth are derived
from proprietor’'s income from Bureau of Economicalysis (BEA). To measure annual
returns on human capital we construct from BEA @atiane series of labor income consis-
tent with the definition we used in the SEF.

It is more problematic to find a time series oflrestate returns valid for our purpose.
From the perspective of a household, we need ass#rat accounts for not only capital
gains, but also earnings due to (imputed) rents.l®hgest time series suitable for our pur-
pose is the repeat-sale, purchase-only index eatmlifor the whole of the US from the
Federal Housing Finance Agency (FHFA). We combing index with an estimate of im-

puted rents-price ratios for the US market caledah Daviset al. (2008). The rent-price

® See the Appendix. We take the difference betweesomal income and earnings from rents, divideans,
capital gains. The resulting time series incorpegatage and salary disbursements, supplementsgeswa
and salaries, proprietors’ income with inventorjuation and capital consumption adjustments, amsignel
current transfer receipts, less contributions fdsliz social insurance. BEA data refer to the wHa& popu-
lation, and thus they already incorporate unempkryinspells and job-to-job mobility.
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ratio decreased between 1979 and the second quar2®06 from 4.85% to 3.64%, and
started rising again in the following years. Therage ratio in our sample period is 4.76%,
in line with estimates in Flavin and Yamashita (2p8nd Pelizzon and Weber (2008).

We construct time series of annual returns covetiregyears from 1979 to 2007 at a
quarterly frequency (the FHFA index is not avai@ldt higher frequency). We derive
excess returns of risky assets as the differentle rgk free returns. In the benchmark
analysis, we construct moments using a moving 20-yandow (80 observations) for
excess returns. Specifically, for the survey datéected in yeaX we assume that portfolio
decisions are based on excess returns observeddreteaiX-19 and yeaiX. As a result,
households interviewed in different years haveed#ht expectations about future market
movements.

Figure 3 informs on the outcome of this estimagxercise. The two top panels report
the rolling expected excess return (top-left paael) rolling standard deviation (top-right
panel) for each asset from 1998 to 2007. The \a&rlices show the data points we use in

each wave, which are summarized in Table 2.

TABLE 2 ABOUT HERE

We see that expected excess returns on stocksargedy in the first part of the period, to-
gether with a prolonged period of economic expansamd showed large fluctuations af-
terwards, following the mild recession of year 200he stock market decline reversed
gains posted earlier, and by the end of 2001 itbradght the stock index close to its 1998
levels. It subsequently recovered, beginning ia 2307 a decline with the current econom-
ic crisis. Expected excess returns on bonds greiw 2001, while expected excess returns
on real estate kept growing from 1999 to 2006, edtipming bonds since 2004. This is re-
flected in Figure 2, where stock shares systeniptisaow a marked growth between the
first and the second point of the curve for eachocb The fall we instead observe in the
age profile of stock shares between the secondharttipoint of the curve for each cohort
(that is, between 2001 and 2004) describes theahstavings toward real estate, following
the increase in the returns over this period. S$tethdeviations are — unsurprisingly — more
stable over time, but nevertheless, bond risk wsgae a remarkable reduction since year

2000. In order to assess the riskiness of housgimffiolios we also need to evaluate the
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pairwise correlations of excess returns. The twitobo panels of Figure 3 show the rolling
estimates of the correlation between bonds (botight-panel) and the other excess returns
(bottom-left panel), and between stocks and theragxcess returns. The two panels sug-
gest a marked change over the years, consistehtthet change we observe in portfolio
composition by wave, especially when going from88&9 2001; in particular the correla-
tion between bonds and stocks fell from a very héylel (around 50%) at the beginning of
our sample period, consistently with the literat(eey., Baeleet al, 2010). As a conse-
guence, although the standard deviations of thet assess returns are quite stable over
time, the standard deviation of a portfolio mayyeonsiderably due to the fluctuations of

the correlations.
FIGURE 3 ABOUT HERE

Measuring idiosyncratic risk would require timeissrof the asset returns on firm sec-
tors, regional real estate, and job category. Waisld allow us to compute different sets of
variance-covariance matrices, and associate tlegaiel one to each household. Unfortu-
nately, we do not have such information. Previdusliss, mainly focused on the distinc-
tion between permanent and transitory income shdekg that idiosyncratic risk can be
very large compared to market risk, and the tosalance can be even ten times as large as
the market one (e.g., Meghir and Pistaferri, 20Dd¢coet al, 2005). For this reason, in

the analysis we set the idiosyncratic variance-gauae matrixs; = Hdiag{ftnn} e, asa

diagonal matrix including the market variance otibess wealth, real estate and human
capital, multiplied by a facto#. In the benchmark analysis we #t 9. In our intention,
this choice should represent an upper bound fosydticratic variance. Choosing a different

constant value of would not alter our conclusions.

5. Results
5.1. Distribution of risk bearing
We start our analysis by showing summary statisiitshe evolution of risk bearing over

time. Table 3 reports the median levels of riskdeeve from the household portfolios in
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each SCF wave. All the measures agree in indicdtigiger risk bearing in the years 1998
and 2001 rather than in the years 2004 and 200@onrespondence to high stock shares,
high volatility of bonds and stocks and high catiein between bonds and stocks. Notice
the wide drop in the median stock share betweerl 200@ 2004. This drop reflects two
facts: i) a marked fall in the number of stock ekl (from 63.58% of 2001 to 53.98% of
2004), and ii) a large reduction in the stock hajdof those who invest in stocks (the me-
dian stock share in the financial portfolio goesnir58.21% of 2001 to 42.24% of 2004).
We want to point out that we are not interestetheabsolute size of risk (which depends
on the measure chosen, and the assumptions oratia@ees and covariances), but rather
on its size relative to each other measure. Framahle we then learn that, in the complete
portfolio, market standard deviation is driven nyaiby constrained risk, whereas total
standard deviation is driven mainly by idiosynaratsk.® This depends on the large portfo-
lio shares held in human capital. Hence, there sderbe little freedom of adjusting port-

folio risk in a short-term investment horizon.

TABLE 3 ABOUT HERE

Before going further, we compare our risk indicateith the answers to two SCF ques-
tions on self-assessed risk aversion and investimaiton. The question on risk aversion

is the following:

«Which of the following comes closest to descriltigamount of financial risk
that [you/ you and your (husband/ wife/ partnerjgawilling to take when you

save or make investments?»
which allows the four answers listed below:

1. Take substantial financial risks expecting tonesubstantial returns
2. Take above average financial risks expectinggim above average returns
3. Take average financial risks expecting to eararage returns

4. Not willing to take any financial risks

® Conditional standard deviation is between 72.228h37 percent of market standard deviation, deipgn

on the wave; idiosyncratic standard deviation,rafteluding the rescaling factd, is between 94.32 and
94.85 percent of total standard deviation.
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In the sample households more frequently reporttbee risk averse answers, 3 and 4 (re-
spectively in 41.73 and 34.34 percent of the cageslen the small response rate of the
first two answers (especially the first one), im analysis we group together answers 1 and
2.

The question on the time horizon reads as follows:

«In planning [your/ your family’s] saving and spend, which of the following

is most important to [you/ you and your (husbandétpartner)]?»
and admits five possible answers:

1. Next few months

2. Next year

3. Next few years

4. Next 5-10 years

5. Longer than 10 years

In the sample we observe higher frequency of ars®eand 4 — 2-10 years — (respectively
in 27.88 and 27.25 percent of the observations)levthe remaining three categories are
roughly equally distributed.

Table 4 shows median statistics of our risk indicst separately for groups of house-
holds divided by their response to the self-assedgsk aversion question (panel a) and the
self-assessed time horizon question (panel b). $boald expect our risk indicators to de-
crease with the self-assessed risk aversion (obljipuand increase with the self-assessed
investment horizon (because investors have more timrecover from any loss). From the
table it emerges that our hypothesis is indeedicoadl, at least for the measures based on
the financial portfolio (financial stock share,dmcial standard deviation) and for the con-
ditional standard deviation. This is due to the that the SCF questions explicitly refer to
financial rather than total wealth, or householdsehin mind financial wealth regarding

their investment horizon.

TABLE 4 ABOUT HERE

We then turn our attention to the empirical disitibn of the measures of risk. Figure 4

plots the cumulative distribution function (cdf) ofir indicators. All the measures report
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wide heterogeneity, reflecting different portfolhdlocation, and inform that a large part of
the population has very little (if any) propendityrisk bearing. This is particularly evident
for the stock share, that is set to 0 for a nunatbéouseholds between 40% and 50% of the
sample in a given year. The financial standard aten is also equal to zero for a large
number, between 20% and 30%, of the houseHoldsll the other cases, risk bearing is
always larger than zero because households hddasttrisk free deposits and risky human
capital (which happens in 8.98% of the sample).idédihat the cdfs referring to the waves
2004 and 2007 are typically drawn above the cdfsttie waves 1998 and 2001, which
means that over those years the distributionshafied toward lower levels of risk bearing.
This difference over the years is consistent with findings discussed above regarding Ta-
ble 3, namely, that households shifted their pbd$otoward safer assets. The contrast
across waves is more evident when looking at thefimancial asset returns, that show a
reduction in their historical standard deviationidg the latest two waves under investiga-
tion (see Figure 3).

FIGURE 4 ABOUT HERE

The indicators then show a similar time trend andewheterogeneity of risk bearing.
However, they may provide different results at shegle household level. Table 5 reports
the correlation for each pair of indicators, talkesnaverage over the four waves. The corre-
lation is very high (0.922) between the two indacatbased on the financial portfolio
(stock share and standard deviation), and smdlléB1) between the two indicators based
on the complete portfolio (market and total staddaeviation). The correlation is rather
small (between 0.061 and 0.311) when we compaiiedtats based on the financial port-
folio with indicators based on the complete portiolThis suggests that focusing on the
complete portfolio rather than the financial oneyrtead to different conclusions. A house-
hold appearing to bear marked risk according to indeator, may bear less risk using a
different indicator.

TABLE 5 ABOUT HERE

"It is smaller than before because many houselmaildsonly risk free and bond assets in their finangort-
folio.
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Still from Table 5 we learn that, among the risknpomnents, constrained and idiosyn-
cratic risk — both a function of non-financial asskares — have correlation near drad
are both negatively correlated with the conditiostahdard deviation. Intuitively, the larger
the non-financial asset shares, the smaller trendial asset shares. Constrained and idio-
syncratic risks correlate negatively also with takk other risk measures, apart from total
standard deviation — where the non-financial askates play a dominant role. Figure 5
graphically compares the estimates of the housshsfgkcific indicators, pooling all the
four waves together. For comparability purpose wd i the figure the financial stock
share, and the risky financial wealth share (bgmds stocks) in the complete portfolio. We
observe clear (positive) patterns only when conmgadonstrained and idiosyncratic stan-
dard deviations, or the financial wealth share #redconditional standard deviation. In all
the other cases, there is wide dispersion suggesiat the various measures capture dif-

ferent definitions of risk.

FIGURE 5 ABOUT HERE

5.2. Age profile

In this subsection we investigate the correlatioesveen our measures of risk bearing, age
and other household characteristics, time and ¢afi@cts. To this end we run quantile re-
gression analyses, one for each measure, whemetiendent variable is our risk bearing
indicator. We opt for quantile regression, rathent OLS regression, since this method is
less sensitive to large outliers. The specificatraniudes five sets of explanatory variables,
on wealth, demographics, financial sophisticatemif-assessed measures, age, cohort, and
time effects. As wealth variable we consider thgaldthm of “tangible” wealth from finan-
cial, business and real assets. In the set of dexpbig variables we treat variables for race,

gender, education, marital status, number of haldanhembers, children (yes or no), and

® Notice that(a{ '”)2 = %(&?)2 —af's (ztff )_1 5 "qy, that is, the (square of) constrained standaréten

is a linear function of the (square of) idiosyn@ratandard deviation and a household- and timeipe
component. Also recall that we compute the cori@iateparately in each wave, and in the table wertehe
average across waves. This means that any differtegtoveen constrained and idiosyncratic standard-de
tions is attributable only to household portfolmngposition. However, the difference is negligibézause i)
household portfolios are usually concentrated masthuman capital, and ii) the correlation betwé&ean-
cial and non-financial assets is generally low.

19



occupational status of the household head. In dn@esvein as Guiso and Jappelli (2005),
we further include in the specification some prexXiar financial sophistication: the number
of financial institutions the household is involvedth, and two dummy variables. The
dummies are worth one respectively if there is l@geonsulting of a professional financial
advisor, or the head works in the finance sectoliofwing Rosen and Wu (2004), we also
include one dummy variable for the self-perceiveddjor excellent health status of the
head.

We finally add variables meant to disentangle tand cohort effects from age effects.
After trying alternative specifications, we choas®e where age effects are captured with
dummy variables covering a five-year age range l{igeline is age 25-29), time effects are
measured with the average excess return of th& stacket in the three years prior to the
wave, and cohort effects are measured with the aveeagess return of the stock market
when the head was between 20 and 24 year¥ dlhis specification mimics one in Ame-
riks and Zeldes (2004), where in particular thaalde on the cohort effect is meant to de-
scribe a “learning” process of the market behawiben young.

Previous literature, mainly analyzing the stockreha the financial portfolio, finds for
risk positive correlation with wealth (e.g., Siegegld Hoban, 1982; Morin and Suarez,
1983), and higher education (Halek and Eisenh&@]). Our analysis is comparable to
these works because, in all the cases, we takemendent variable a combination of the
portfolio shares with weights varying over timef sammon to all the households in a giv-
en year.

Table 6 shows the results of our analysis, sedgrfmteeach of the seven indicators res-
caled by their median in the sample (to have coaiparestimates). Overall we have
14,553 observations with full information on theighles in the specification. We first fo-
cus on the two measures based on the financidbportiefinition. The stock share and the
standard deviation of financial portfolio returnsrrelate positively with wealth, college
education, self-assessed good health status, thberwf financial institutions where doing

business, and with the dummy variable for individuaorking in the finance sector; they

° Based on our time series of stock excess ret&#orsinstance, for year 2007 we take the average fhe 12
guarterly observations between 2005 and 2007.

9 Our time series of stock excess returns doeslloot & retrieve this information from the oldesthorts.
For this reason we refer to data available in Kémieench'’s website. Specifically, we considerasess
market return the value-weight return on all NY3®|EX, and NASDAQ stocks (from CRSP) minus the
one-month Treasury bill rate (from Ibbotson Asstesa
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correlate negatively with the dummy variables fon+white and self-employed individu-
als. In addition, we find no cohort effect but eoagly positive time effect. This means that
the risk indicator rises when the stock excesgmatuthe previous three years is high, such
as in the first two waves of our sample.

When we look at the two measures based on the ebtenpbrtfolio definition, only
some of our previous findings are confirmed. Wdl $itnd positive correlations with
wealth, good health status, the number of finanatitutions where doing business, and
with the dummy for individuals working in the fineg sector. This time we also find sig-
nificant evidence of not only time effects but alsshort effects, which indicates that
people who experience high market returns when age2¥ are more likely to bear market
risk. However, the size of this effect is tiny -pesially if compared with the size of time
effects. Finally, we find significantly positivefetts for self-employed and female heads.
This may be surprising if compared with the resultthe first two columns of Table 6.

We believe the case of self-employed workers isigigmatic. These individuals hold
most of their wealth in a business. Ignoring thisgd focusing on just their financial portfo-
lio, would suggest that they are less risk tolerténain employees. Actually, they choose
their financial portfolio having in mind that theyready bear substantial business risk. In
fact, when we consider a complete definition oftfmlio, the effect of being a self-
employed worker is reverted. This evidence isme lifor instance, with Heaton and Lucas
(2000).

More difficult to accept is the finding of a pos#i effect for females. This has to do
with the proportion between financial and total litealn fact females in the sample have
relatively little human capital, and hold most bkir wealth in financial assets. Having
their wealth more highly concentrated in riskieseds, this implies that females appear
more risk tolerant than males. We would find thensaonclusions if we took the financial
/total wealth share as dependent variable. Fenvabesd appear less risk tolerant only if
they made large investment in risk free deposhiatthey do not.

We conclude our regression analysis by lookingnatthree risk components. We expect
them to capture different effects. In particulaompared with the financial measures of
columns (1)-(2), we expect an inversion of sign whtidying the risk components of equ-
ations (4)-(6). It can indeed be shown that aneiase in the financial share affects nega-

tively the constrained and idiosyncratic standagdiations, and is likely to positively af-
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fect the conditional standard deviation. In theeagpx we discuss the special case with one
financial asset and one non-financial asset. Thiies that all the variables positively af-
fecting the financial shares also affect positivélg conditional standard deviation, but af-
fect negatively the constrained and idiosyncraaadard deviations.

Looking at conditional standard deviation, the #gigant effects found for the measures
based on the complete portfolios are obtained lase. In addition, there are significantly
positive effects of college education, retiremetatiss, and female gender. As expected,
some of the effects change sign when looking attmstrained and idiosyncratic standard
deviations: we indeed find negative effects of weand college education, and positive
effects of self-employment, time and cohort.

Finally, notice that the size of the minimum degreé freedom, reported in the bottom
of Table 6, is higher under the complete portfolieasures than under the financial portfo-
lio measures. Multiple imputations use for theatistics a number of degrees of freedom
that depends on the ratio of the variance withiputations to the variance between impu-
tations. The value indicated in the table is th@imum number of degrees of freedom
among all the parameters. In general one shoufdmpaenigher number, as it means that es-
timates vary little across imputations. We findsttw happen under our complete portfolio

measures, which are then less heavily affectedibging information.
TABLE 6 ABOUT HERE

We conclude the analysis with a graphical reprediemt of the age effects estimated for
our indicators. In Figure 6 we depict the estimaagé profile conditional on the median
values of wealth, demographic and other househioddacteristics; for comparability rea-
son, the profile is divided by the median risk loegrindicator observed in the sample.
Each age profile is coupled with a 95% confidenterival derived from the covariance
matrix of the coefficient estimates.

There is marked difference between the measuresdbas the financial portfolio and
the measures based on the complete portfolio. dimeer show an age profile that is essen-
tially flat up to age 60, and then falls — espdgials concerns the stock share, which is

halved for the elderly. This evidence is somewhatencomplex than some common rules

of thumb adopted by practitioners, e.g., to invesitocks a fractior(100-age) % of the
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financial wealth, and closer to others, e.g., tardase the proportion of a portfolio devoted
to stocks as one approaches retirement (Malki€6)L9n contrast, the two measures based
on the complete portfolio show an age profile ikatonstantly flat and associated to a nar-
row confidence interval. This profile is driven liye constrained and idiosyncratic risk
components, which show an age profile that is 8o In contrast, we observe for the
conditional standard deviation an age profile iasieg up to age 50; this profile is less in-
fluent in the complete portfolio standard deviatiapart from old age, because household
portfolios are made mainly of constrained (humapite§ assets. Young people have large
human capital but limited financial resources. 8ihciman capital cannot be used to pay
bills and debts, they find it hard to endure angrsterm investment losses. Evidence of a
rising age profile with the conditional standardidéon is not surprising given wealth size
(Figure 1) and the complete portfolio shares (Féga). In fact, evidence of portfolio risk
rising with age is not new and is found, for ins@nalso in Wang and Hanna (1997) ana-
lyzing from SCF data the ratio of risky assets owmerextended definition of portfolio, to
include financial, real and human wealth. The catgbportfolio is largely dependent on
human capital, which naturally falls with age. Aslividuals get older, their portfolios ex-
hibit higher investment in assets that carry reédyi more risk than human capital. Our in-
dicators capture this life-cycle effect in the charof the conditional portfolio weights

fin _

"= +(Ztff )_lzfnq”. These weights rise with age following the finahgportfolio

sharesw) (see Figure 2).

FIGURE 6 ABOUT HERE

5.3. Sensitivity analysis

Our findings lie on assumptions on the computatibhuman capital and the variances and
covariances of asset returns. To assess the immgertd these assumptions, here we report
the outcome of some robustness checks of our asaheyformed along these two dimen-
sions. In addition, we repeat our benchmark amalyssignificant subsamples of our data.
Methodological details and complete results cafobed in the Supplementary Appendix;
here we just comment on the relevant findings. @Vethe robustness checks confirm our
benchmark results.
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5.3.1. Human capital

Different human capital discount rate

Our benchmark results are driven by the large siZzmiman capital shares. We then repeat
the analysis by reducing this share. We do so tijngea higher discount rate to future in-
come realizations. Specifically, we set it to thalraverage stock rate of return over the 20
years before each wave; the discount rate is teénden 5 and 7 percent higher than the
one based on the sole risk free rate of returragigregate, the resulting portfolio share in
human capital is between 65.03 percent (2007) &x2B6percent (1998), about 10 percent
lower than in the benchmark analysis. The shifpoftfolio risk from human capital to
(riskier) asset categories leads to a generalizease in our risk indicator. This notwith-

standing, our results are confirmed.

Riskless human capital at retirement

In the benchmark analysis we treat human capitah fpension income exactly the same
way as human capital from labor income. Howevensmn income is usually less risky
than labor income. We then replicate the analysideu the extreme situation where
pension human capital is riskless.

This implies a reduction in the size of the riskynfan capital share in the household
portfolio, compared to the benchmark case (in agagee around 60 percent rather than 80
percent). This share also falls more markedly \agle, and in completely null after retire-
ment age 65. Only in this extreme case the ageél@aifhousehold portfolios differs from
the benchmark analysis. Specifically, it falls unttee complete portfolio standard devia-

tion, driven by the reduction in the constrained ahosyncratic standard deviations.

5.3.2. Asset return moments

No hedging

There is no consensus in the literature on thedfizhe covariance between financial and
non-financial asset returns. However, this affexts estimates through the hedging com-
ponent of conditional standard deviation. Some wdirkd these covariances to be null (for
instance see Flavin and Yamashita, 2002, for rtate, and Table 3 in Cocebal, 2005,

for human capital), which implies no hedging at &lle therefore repeat our analysis by
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imposing null covariance between the excess retofrisiancial assets (bond, stock) and
non-financial assets (business wealth, real edtat@an capital). Imposing null correlation
alters neither the estimates, nor the ranking efitbuseholds. The benchmark results are

confirmed.

Fixed moments
The variations we observe in risk bearing arisenfdhanges in portfolio composition and
the moments of the asset excess returns. It magtéeesting to see which change is the
main driver of these variations. To investigate tissue, we repeat our analysis by keeping
the moments of the asset returns fixed in all theaes, and equal to those we associate to
wave 1998 in the benchmark analysis. In this emwirent, variation reflects only changes
in household portfolios.

Our findings are again preserved. Even if asseanees and covariances are now kept
fixed, in the regressions we still find significhnpositive time effects. This suggests that
households who face changes in asset return moradjpust their complete portfolios to

offset such changes, in an effort to bear a rikKively stable with age.

Alternative moment estimates

In our exercise we estimate the historical variatmeariance matrix of excess returns us-
ing a 20-year backward time horizon. Different rgties would associate different weights
to the asset shares, and might give rise to difteresults. We provide new estimates in
which the moments of the asset returns are defrosal a time series of 15 years instead of
20 years; similar conclusions arise using a 10-ygadow. Compared to the benchmark
estimates, asset return moments computed this waibielower variance in waves 1998
and 2001, and correlations more volatile over tiAlso in this case, the multivariate anal-
ysis on household portfolios does confirm our mrasults, and gives rise to an age profile

in line with our previous findings.

5.3.3. Sample composition

Wealthy households

What we interpreted as heterogeneity in risk bdiypéhe households might in fact be due
to heterogeneity in entry barriers or transactiostg. That is, some households may had

25



chosen not to invest in some assets (e.g., a msjilmecause of high costs of investing.
Other households may had chosen their portfoliopmsition in earlier years, and then just
kept it with no adjustment to avoid market trangactosts. It is reasonable to expect that,
the wealthier the household, the less relevantydmdrriers and transaction costs are for
portfolio choice (see, e.g. Vissing-Jorgensen, 200& then repeat our analysis on a re-
stricted subsample made of the top 20% wealthiesséholds. Compared to the full sam-
ple, on average the subsample of the wealthiestdtmlids is more highly educated and fi-
nancially sophisticated, earns a higher income nha® financial wealth, and invests more
heavily in risky assets.

Due to the reduction in the sample size, in thecaur estimates are less precise. How-
ever, the main results of our multivariate analgsik hold: in particular there is a positive
relation between risk bearing and wealth, and agktiane effects are close to those of the

benchmark case.

Long time horizon for investment

Non-financial assets are less liquid than finanagsdets in a short-term time horizon. How-
ever, households may take a long-term investmerizdr Indeed in our sample, 43.90%
of the households declare to have an investmer& kiarizon equal to 5 years or longer.
We then repeat our analysis on these householdsaghapared to the full sample, on av-
erage earn higher income, have more wealth, are mighly educated, and invest more in
risky assets. Even though we expect these peoglegmon-financial assets as more liquid
than investors with shorter-time horizon, we canfour benchmark findings. In particular,

we find no difference when decomposing risk inatsditional, constrained and idiosyn-

cratic parts.

6. Conclusions

In this paper we use data from the waves 1998-20Qfie US Survey of Consumer Fin-
ances (SCF) to shed light on the evolution of UGsebolds’ portfolio risk, and the correla-
tion between risk bearing, wealth, age and the rhausehold socio-demographic characte-
ristics. The use of repeated cross sections allmis disentangle age effects from time and
cohort effects.
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In our analysis we consider different indicatorsrisk bearing, based on two different
definitions of portfolio (financial and completejtivthe latter also including human capi-
tal, business wealth, real estate, and related.dB¢ indicators show a similar time trend
with risk bearing falling in the 2000s, and infotimt the distribution of household risk
bearing is skewed to the left, with many househobleisring little risk. Moreover, in all the
cases we find our measures of risk bearing to der@ositively with wealth, good health,
and some proxies for financial sophistication. Hegre the indicators are imperfectly cor-
related, and the correlation is particularly lowemhcomparing measures based on the fi-
nancial portfolio with ones based on the completefplio.

Our data show weak evidence of cohort effects, evihe effects seem more relevant.
In particular, we find that risk bearing tends twrease following high stock market re-
turns. We generally find a flat age profile of riskaring, under the assumption that the
other household characteristics remain fixed otaerlife-cycle. This is mainly driven by
the age profile of the non-financial componentshef portfolio.

There are several avenues for future research.nGaxjgloratory side, it seems interest-
ing to compare risk bearing among individuals dfedent countries having similar charac-
teristics, and over an extended time period touhelthe financial crisis. On a theoretical
side, we will develop a fully multi-period framewgrcloser to a life-cycle model of asset
allocation, from which to infer risk attitude froobserved portfolio holdings, separately

from time discounting.

Appendix
Al. Human capital calculation
We construct human capital using an approach girteldorgenson and Fraumeni (1989).
The approach computes human capital as the netrrealue of the income flow that will
be produced over an assumed lifetime, in the poesehsurvival probabilities. Expected
future incomes are predicted from the observednmesof the cross section of individuals.
An advantage of this method is that it allows ttineste human capital even for those
households who report no income (0.91% of the sampl

For this purpose we use the waves 1995-2007 ob@¥e (19,165 observations in total),

taking into account imputations and sampling weigiNotice that we also include one
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wave (1995) not treated in our portfolio analy3isis wave shows largely different portfo-
lios from the subsequent waves; however, there iseason to exclude it as long as the fo-
Cus is on income.

We assume income arises from a process dependirsgvaral characteristics of the
head, in particular gender (male, female), raceit@wmon-white) and education (high
school or lower, college). We denote the realizatad these three variables by group
x X . The combination of the three variables gives taseight possible groups.

We describe human capital for househiold timet, whose head is agedand belongs

to groupx, as follows:
HCE (%) = (9 LE(
where y?(x) is the gross income obtained from the survey fier household head and

spouse (if any), andLIif(x) Is imputed household lifetime gross income. Gliassme is
calculated as the sum of (before taxes) family imedrom wages and salaries, from busi-
ness, unemployment compensation, worker’'s compensaocial security, supplemental
social security, child support, other welfare amsdistance programs, and total transfers
(mainly help from relatives). On average in ouradancome is between 4 and 5% of hu-
man capital. Lifetime income is imputed from preidios of future income realizations, and
is defined as follows:

L2 ()= ¥ (9 Ay:(x)(ijb_a-

b=at+l 1+ rt

~b
That is, lifetime income is the sum of the predictecome levels,y, (X), conditional on

ageb and groupx, weighted by a survival probabilityi‘?'b(x) of being alive at agk condi-
tional of being alive at age and timet, for individuali belonging to groupc’, and cor-
rected by a discount raté«r,), computed as average over the 20 years befafreeal risk
free returns (3-month T-bill yields net of CPI gribijv*?

Income predictions up to age 64 are derived, seggrior each education group, from

the OLS regression of the logarithm of one plu®ine over a third-order polynomial on

1 Actually, in our calculation survival probabilieliffer by gender and not also by race or edunatie-
cause no such data are available.
12 This shows a decline from 5.96% of 1995 to 3.62%007.
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age, gender and race dummies, cohort dummies @reddiimmies respecting the Deaton-
Paxson orthogonality constraints. As one may exppaijected income is higher for
households with a male, white and more highly ethatead. Income predictions since
age 65 are the income prediction at age 64 timeplacement rate. The rate is given by
the ratio of average observed income between 6568n average observed income be-
tween 60 and 64, and it is computed separatelydogation groups: we estimate an aver-
age replacement rate of 88.88% for high school g, and 71.95% for college gra-
duates.

A2. Risk components and portfolio shares

Consider a simplified framework with one risk fragset with portfolio share), one fi-
nancial asset with portfolio shar@) , and one non-financial asset with portfolio share

o =1-«f -« . In this case, the formula for the conditionahsi@rd deviation simplifies

to

fn

(A1) o ="' =| '+l |
(o)
while the formula for the constrained standard d&on simplifies to
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and the formula for the idiosyncratic risk becomes

(A3) o =dfo’.

The derivatives of (A1)-(A3) with respect tg are:
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The first derivative is positive if the correlatibetween financial and non-financial assets
is lower than the ratio between their standard atemis. This is granted, in particular, in

the plausible situation where the market risk official assets is higher than the market
risk of non-financial assets. This implies thatimrease in the financial asset shase (or
a reduction in the non-financial asset shaf¢ affects

- positively: conditional standard deviation
- negatively: constrained and idiosyncratic standendations

The overall effect of the financial asset sharéh@ncomplete portfolio measures is unclear.

The derivative of the total variance with respect is

) 0 <o (o -2(er))- o Aor) o).

Given the time series data discussed in SectionwkZxpect the variance of financial as-

sets to be much higher than the variance of namftial assets, which in turn is higher
than the covariance between financial and non-firhrasset returns. The derivative in
(A4) is positive if

2
f Z(O.tn) _O.lfn

a)n > (0_tf )2 —2(0}”)2

which is more likely at higher ages.
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Table 1. Portfolio weights and portfolio compositio (%)

Category SCF SCF SCF SCF
1998 2001 2004 2007
Checking accounts 0.454 0.475 0.441 0.363

Savings and money market acco! 0.25¢ 0.37% 0.65: 0.61%
Call accounts at brokerages 0.116 0.138 0.093 0.076

IRA-KEOGH account 0.21: 0.23: 0.17¢ 0.18¢
Retirement accounts 0.449 0.463 1.130 1.202
Annuities 0.042 0.065 0.176 0.105
Trust-managed accounts 0.114 0.311 0.418 0.138

DEPOSITS 1.64: 2.061 3.08¢ 2.68¢
Directly held govt. bonds 0.362 0.441 0.386 0.316
Directly held corp. bonds 0.136 0.080 0.106 0.055

Certificates of depos 0.39¢ 0.30: 0.28¢ 0.331

Savings bonc 0.071 0.06¢ 0.05:2 0.03¢
Tax free mutual funds 0.179 0.198 0.128 0.212

Govt. bond mutual fun 0.05( 0.03¢ 0.C38 0.06:

Other bond mutual fun 0.11¢ 0.041 0.08% 0.06%
% Balanced mutual funds 0.048 0.065 0.051 0.063
% Other mutual funds 0.001  0.000 0.051 0.071

Life insurances (cash valt 0.70¢ 0.59¢ 0.28¢ 0.30¢
Loans on primary residence (-) -2.567 -2.286 -2.704 -2.863
Loans on other real estate (-) -0.650 -0.451 -0.785 -0.822
Loans on business (-) -0.115 -0.118 -0.133 -0.147

IRA-KEOGH account 0.27¢ 0.371 0.477 0.49(
Retirement accounts 0 0.000 0.002 0.000

Annuitie: 0.07: 0.01¢€ 0.001 0.00z
Trust-managed accounts 0.173 0.003 0.006 0.007
BONDS -0.749 -0.634 -1.664 -1.807
Directly held stocks 2.388 2.334 1.703 1.685

Stock mutual func 0.91¢ 0.92¢ 0.94¢ 0.97¢
¥ Balanced mutual funds 0.048 0.065 0.051 0.063
% Other mutual funds 0.001  0.000 0.051 0.071

IRA-KEOGH accouni 1.17¢ 1.28¢ 0.93¢ 0.957

Retirement accour 0.99¢ 1.16: 0.64¢ 0.66¢
Annuities 0.094 0.139 0.102 0.121
Trust-managed accounts 0.318 0.629 0.249 0.202

STOCKS 5.93¢ 6.54¢ 4.67¢ 4.74%
BUSINESS WEALTH 4.372 4.364 4431 5.372
Owner-occupied primary residence 7.415 7.417 8.774 9.341
Other real estate 2.683 2.704 3.301 3.395

IRA-KEOGH accounts 0.028 0 0 0

Retirement accounts 0.015 0.005 0 0

Annuitie: 0 0 0 0

Trust-managed accounts 0.066 0.041 0 0
REAL ESTATE 10.206 10.167 12.075 12.736
Labol human capit: 63.87( 61.41: 59.25¢ 57.30:

Pension human capi 14.72¢ 16.08¢ 18.13¢ 18.96¢
HUMAN CAPITAL 78.593 77.497 77.394 76.267
Genuine observations 3607 376¢ 390¢ 378:

Note. The definition of financial portfolio consideonly the assets in the deposits,
bonds and stocks categories; all liabilities (m@aggs, lines of credit and loans) are
excluded.
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Table 2. Risk and expected asset returns (%)

Wave 1998 2001 2004 2007
Risk free return 7.046 5.964 4,736 4,398
Bond excess return 3.223 4,905 4,742 3.237
(9.584) (7.966) (6.687) (5.308)
Stock excess return 6.830 6.985 6.987 5.470
(16.170) (17.075) (16.800) (16.035)
Business wealth excess return 0.034 1.710 2.152 922.0

(7.907)  (6.441)  (4.671)  (4.593)
5.181

(3.057)  (2.759)  (3.072)  (3.522)

Real estate excess return 2.731 3.363 5.006

Human capital excess return -0.144 0.299 1.075 61.26

(2.420)  (2.207)  (1.954)  (1.914)

Note. Standard deviation of excess returns in phieses.

Table 3. Median values of the risk indicators (x 10)

Wave 1998 2001 2004 2007 ALL
Financial stock share 22.642 32.434 5.350 4.025 57R2.
Financial SD 8.385 7.784 3.550 2.941 5.729
Complete market SD 2.448 2.238 1.986 1.971 2.205
Complete total SD 7.628 6.931 6.177 6.126 6.648
Conditional SD 0.680 0.532 0.261 0.249 0.476
Constrained SD 2.341 2.161 1.952 1.912 2.037
Idiosyncratic SD 2.407 2.179 1.953 1.926 2.054
Genuine observations 3504 3625 3814 3687 14631

Note. SD= Standard Deviation.
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Table 4. Risk (x 100) and self-assessed measures

a. Self-assessed risk aversion

Risk attitude scale * 1-2 3 4
Financial stock share 46.189 26.605 0
Financial SD 8.517 6.604 1.166
Complete market SD 2.310 2.226 2.141
Complete total SD 6.786 6.612 6.582
Conditional SD 0.589 0.539 0.299
Constrained SD 2.059 2.020 2.049
Idiosyncratic SD 2.078 2.035 2.063
Frequency (%) 23.93 41.73 34.34

Note. SD= Standard Deviation. * 1-2= high risk tdace; 3= mod-
erate risk tolerance; 4= no risk tolerance

b. Self-assessed time horizon for investment

Time horizon scale * 1 2 3 4 5
Financial stock share 0 0 8.351 22.857 39.216
Financial SD 2.589 3.723 5.282 6.611 7.772
Complete market SD 2.160 2.182 2.202 2.233 2.281
Complete total SD 6.575 6.697 6.636 6.626 6.738
Conditional SD 0.309 0.388 0.469 0.539 0.589
Constrained SD 2.039 2.073 2.027 2.022 2.049
Idiosyncratic SD 2.053 2.089 2.043 2.039 2.068
Frequency (%) 16.56 11.66 27.88 27.25 16.65

Note. SD= Standard Deviation. * 1= next few montbs;next year; 3= next few years; 4= next

5-10 years; 5= more than 10 years

Table 5. Correlation among risk bearing indicators

Average across waves 1 2 3 4 5 6 7
1 Financial stock share 1
2 Financial SD 0.922 1
3 Complete market SD 0.311 0.304 1
4 Complete total SD 0.082 0.061 0.581 1
5 Conditional SD 0.394 0.396 0.943 0.324 1
6 Constrained SD -0.102 -0.119 -0.020 0.766 -0.2611
7 Idiosyncratic SD -0.101 -0.118 -0.016 0.767 -0.250.999 1

Note. SD= Standard Deviation. The table reportsdtierage of wave-specific correlations.
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Table 6. Heterogeneity of risk bearing

Financial portfolio Complete portfolio Complete portfolio components
Quantile regression Stock share SD SD SD SD SD SD
Market Total Conditional  Constrained  Idiosyncratic
Ln(wealth) 0.166*** 0.141%* 0.014%** 0.001** 0.®6** -0.004*** -0.003***
(0.012 (0.006 (0.001 (0.001 (0.005 (0.001 (0.001
Non-white -0.259%** -0.145%** 0.001 0.004 -0.028 0.005 0.005
(0.069) (0.033) (0.004) (0.003) (0.024) (0.003) (0.003)
Female -0.072 0.006 0.019*** 0.010** 0.133** (O[] 0.006
(0.091 (0.039 (0.005 (0.004 (0.031 (0.004 (0.004
College graduate 1.068*** 0.145%+* 0.017*+* -0.004 0.172%+* -0.014%** -0.014%**
(0.063) (0.025) (0.003) (0.003) (0.021) (0.003) (0.003)
Marriec -0.04: -0.01¢ 0.00: 0.00¢ -0.00: 0.00¢ 0.00¢
(0.078 (0.037 (0.004 (0.004 (0.029 (0.004 (0.004
N. household members -0.034 -0.022 0.002 0.003** 0.004 0.002 0.002
(0.030) (0.016) (0.002) (0.001) (0.011) (0.001) (0.002)
With childrer -0.09¢ -0.01: -0.009’ -0.001 -0.04: 0.00¢ 0.00¢
(0.080) (0.040) (0.005) (0.003) (0.031) (0.004) (0.004)
Self-employed -0.423%** -0.205*** 0.068*** 0.065** 0.011 0.061** 0.061*+*
(0.070) (0.037) (0.004) (0.004) (0.029) (0.003) (0.003)
Retired -0.033 -0.027 0.007 -0.004 0.128*+* -0r00 -0.006
(0.094) (0.048) (0.006) (0.005) (0.039) (0.005) (0.005)
N. financial institution 0.245%* 0.045*+* 0.007*+* 0.001** 0.071*+* -0.001 -0.001
where doing business (0.016) (0.007) (0.001) .00 (0.004) (0.001) (0.001)
With financial advisor 0.161* 0.044 0.008*** -00% 0.097*+* -0.008*** -0.008***
(0.058 (0.026 (0.003 (0.003 (0.021. (0.003 (0.003
Works in finance sect 0.423** 0.151*+* 0.020*+* 0.019%*** 0.107*+* 0.014%* 0.014***
(0.115) (0.037) (0.004) (0.004) (0.030) (0.004) (0.004)
Self-assessed good health 0.340** 0.074** 0.0¥5**  0.007** 0.120%*** 0.004 0.004
(0.055 (0.029 (0.003 (0.003 (0.022 (0.003 (0.003
Time effect 0.800** 1.593%** 0.740%** 0.786*** 2.932%+* 0.667*** 0.808***
(0.258) (0.120) (0.015) (0.012) (0.100) (0.014) (0.013)
Cobhort effec 0.00¢ 0.006** 0.001*+* 0.002%** 0.008*** 0.002%** 0.002***
(0.005 (0.003 (0.000 (0.000 (0.002 (0.000 (0.000

(continues on the next page)
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(continues from the previous page)

Age 3(-34 0.12¢ 0.081 -0.00¢< -0.00¢ -0.03: 0.007 0.007
(0.118) (0.058) (0.007) (0.006) (0.044) (0.006) (0.006)
Age 35-39 0.290** 0.154** 0.001 0.002 0.055 0.010* 0.009*
(0.115 (0.056 (0.006 (0.005 (0.043 (0.005 (0.005
Age 4(-44 0.360*** 0.159** 0.012* 0.013** 0.150** 0.013** 0.013**
(0.108) (0.056) (0.006) (0.005) (0.041) (0.006) (0.005)
Age 45-49 0.242* 0.127** 0.013* 0.001 0.233** 0.005 0.006
(0.107 (0.056 (0.007 (0.006 (0.043 (0.006 (0.006
Age 5(-54 0.16¢ 0.08¢ 0.021%** 0.00: 0.256*** -0.001 0.00(
(0.122) (0.058) (0.008) (0.006) (0.046) (0.006) (0.006)
Age 5559 0.350** 0.08¢ 0.021%* -0.015** 0.353** -0.020*** -0.018***
(0.126 (0.057 (0.008 (0.006 (0.048 (0.006 (0.006
Age 60-64 -0.201 -0.029 0.020** -0.026%*** 0.334** -0.043*** -0.040***
(0.127) (0.069) (0.009) (0.006) (0.059) (0.006) (0.006)
Age 6569 -0.17( -0.03¢ 0.042%** -0.023*** 0.365** -0.047%* -0.044%**
(0.138) (0.070) (0.009) (0.007) (0.064) (0.007) (0.007)
Age 70-74 -0.625%* -0.150* 0.018* -0.022%* 0.36** -0.047%** -0.044%*
(0.152) (0.082) (0.010) (0.007) (0.079) (0.008) (0.007)
Age 75-79 -0.450** -0.024 0.039*** -0.015* 0.412%* -0.039%** -0.033***
(0.167) (0.084) (0.010) (0.008) (0.069) (0.008) (0.008)
Constar -1.684** -0.995%** 0.733** 0.910%*** -0.843** 1.004%** 0.988***
(0.141 (0.070 (0.009 (0.007 (0.057 (0.008 (0.007
Genuine bservation: 14,55 14,55:¢ 14,55:¢ 14,55: 14,55 14,55 14,55
Minimum degreesof freedon 9.2 16.€ 51.t 32.¢ 18.t 20.2 457
Median dep. var. (x 100) 12.572 5.729 2.205 6.648 0.476 2.037 2.054

Note. SD= Standard Deviation. The dependent vagigbkescaled by its median in the sample. Timezefhverage market excess return in
the three years prior to the wave. Cohort effegerage market excess return when 20-24 years gd.effects: dummy variables covering

a five-year age range. Robust standard errors ireptheses. *** p<0.01, ** p<0.05, * p<0.1.
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Figure 1. Cohort wealth size by age
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Figure 2. Cohort portfolio holdings by age
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Figure 3. Rolling excess return
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Figure 4. Empirical cdf of risk bearing
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Figure 5. Correlations among risk bearing indicatos
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