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Abstract

| show that ambiguity (Knightian uncertainty) and learneidgput the equity premium can explain the
fraction of financial wealth allocated to stocks over the lifycle and the stock market participation puz-
zle. 1 assume that individuals are ambiguous about theyegueimium and are averse with respect to this
ambiguity, which results in a lower optimal allocation todts over the life cycle. As agents get older,
they learn about the equity premium and increase theiratilma to stocks. Cohort effects can be identified
via learning, since each cohort has different stock marke¢rences and thus differ in their beliefs. Time
effects are identified via decreasing fees over time. Twoswaynclude ambiguity aversion in the model
are examined: recursive smooth preferences and maxintiy ptieferences. | find that if agents have max-
imin preferences, the empirically observed allocationtéclss can be matched. However, the stylized facts
cannot be replicated when agents have smooth recursiver@nees with only moderate risk aversion.
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1 Introduction

The key inputs of a life-cycle model, such as the equity risdn@um, variance of stock returns,
and labor income risk, are generally assumed to be knownédwadlent. Optimal portfolio allo-
cations, consumption, and savings are calculated as ifgbstdakes these parameters as given,
and the resulting optimal policies are subsequently coatptarthe empirically observed life-cycle
patterns. However, the predictions of most life-cycle med® not match well with some of the
empirical findings. For instance, the shape of participaiiothe stock market over the life cycle
and, more generally, the overall low participation ratesithunderstood. Furthermore, the hump-
shaped allocation to stocks, conditional on participatiothe stock market, appears difficult to
align with the predictions from life-cycle models. | progasstandard life-cycle model, taking into
account that agents are ambiguous about the equity riskipneand are averse to this ambiguity
(in contrast to the ambiguity neutral approach). Duringrthietime individuals learn about the
equity premium. With this parsimonious adjustment to tlaadard framework | can explain both
the life-cycle pattern of participation in the stock markeat the conditional allocation to equity.
Furthermore, with this structural model | can separategntdy, age, cohort, and time effects in
the allocation to stocks over the life cycle.

In this paper | assume that agents not only face risk, butrazertain about the true parameters
describing this risk (Knight (1921f).A common way to deal with parameter uncertainty is the
ambiguity-neutral approach, where the decision maketgrd@ unknown parameters as random
variables and combines his prior belief about the paranveiterobserved signals, which forms
the predictive distribution. He evaluates his expectddywith respect to this predictive distribu-
tion. In this case the agerstambiguousutis not ambiguity averseHowever, there is substantial
evidence that agents are not neutral with respect to thepeter uncertainty (see for instance the
classical work on the Ellsberg paradox which demonstratdsguity aversion with an urn exper-
iment, Ellsberg (1961)). In this paper agents are not anityigneutral, but are ambiguity averse.
| assume ambiguity about the equity risk premium, but | doasstume a certain origin for this
ambiguity. Ambiguity about the equity premium can arisenfrdor instance, a lack of statistical
evidence, a lack of theoretical evidence, unsophistinadioinvestors, and so on. Focussing on
statistical ambiguity, even when every agent possessésedtiistorical stock return data over the
past100 years and uses these to estimate the equity premium, thelenoé interval will still be
sizeable: for examplgl% — 2 x 20%/+/100 : 4% + 2 * 20%/v/100] = [+0% : +8%)]. A short
note on terminology is in order. As Guidolin and Rinaldi (BQJoint out, in the literature am-

1The difference between risk and uncertainty is that whemisgace risk they can attach probabilities to random
events, while when facing uncertainty they do not know thabpbilities. In the context of this paper, the agent faces
risk because the return on stocks is stochastic, but the &gelso uncertain because he does not know the expected
stock return.



biguity and uncertainty are not always distinguished, nearty defined. Throughout the paper |
use the terms uncertainty and ambiguity interchangeabty| aefine ambiguity/uncertainty as a
random event where the probabilities are not given (as agaptisa coin toss), but agents have a
distribution of priors over the uncertain parameter.

| explore two preference models to include ambiguity awers{1) maximin preferences and
(2) smooth recursive preferences. Gilboa and Schmeid839q)Lpropose that agents have max-
imin preferences in a multiple priors framework, which é@stéhat agents evaluate policies by
maximizing utility according to the worst case belief. Thtemporal framework is generalized
by Epstein and Schneider (2003) to a dynamic setup. KlidaMsdrinacci, and Mukerji (2005)
introduce a smooth ambiguity model, which allows a sepandbetween ambiguity (the level of
uncertainty) and ambiguity aversion (taste with respenbiguity). | present the two models
of ambiguity as being separate, but, as shown in Klibanotifivacci, and Mukerji (2005), the
maximin preference model is a limiting case of the smoothnsee preferences when the degree
of ambiguity tends to infinity. There is no consensus in therditure on whether agents behave
according to smooth recursive preference (with moderatgguity aversion) or maximin prefer-
ences (i.e., there is no consensus on the degree of ambaydtgion) and, as | will show, both
have widely varying implications for optimal portfolio altation, with minimax better matching
the data. | do not assume that agents learn about the egsktypremium in a rational manner;
agents weigh realizations of stock return during life witpreor belief about the equity risk pre-
mium, putting no weight on returns before age 20. Malmenalel Nagel (2010) find that agents’
“experienced return” has a larger influence on beliefs atioeitequity risk premium than stock
return realizations before birth. | assume agents learepgaddently of stock market participation
and | employ Bayes’ rule as the updating rule for the belibfsud the equity risk premium.

In their seminal works, Merton (1969) and Samuelson (1961) finat agents should hold a
constant fraction in risky assets over the life cycle in theemce of labor income and complete
markets. More recent work by Benzoni, Collin-Dufresne, &ualdstein (2007), Cocco, Gomes,
and Maenhout (2005), Heaton and Lucas (2000), Polkovniché2007), and Viceira (2001) ex-
amines the effect of (risky) labor income on the optimal fodik choice. If human capital is
riskless, young agents have a substantial investmentsribond-like” asset and, as a result, in-
vest a large fraction of their liquid wealth in risky assefhis is in contrast to the empirically
observed low allocation to stocks, especially early in tfeedycle. Others, such as Cocco (2005)
and Yao and Zhang (2005), include housing in a dynamic framnewnd examine the portfolio
choice implications. However, the empirical life-cycletteans of low stock market participation

2In this paper, | assume a set of priors about the equity risknrm, and | restrict the set to be normally distributed.
As | will show later, when using smooth recursive ambiguitgfprences, it is necessary to have a probability measure
over the set of priors. When using maximin preferences ibiqmecessary to attach probabilities to the set of priors.



and low equity holdings are hard to match with these models.

The contributions of this paper are threefold. First, | fihndttambiguity with respect to equity
premium can have a substantial effect on the optimal stdokation. This paper is the first, to
my knowledge, that examines the impact of ambiguity averaied learning on optimal portfolio
allocation in a life-cycle model, comparing both maximief@rences and smooth recursive pref-
erences. When modeled via smooth recursive preferencesneiierate ambiguity aversion, | find
that the influence of ambiguity aversion and learning is snhakontrast, if agents have maximin
preferences and are thus more ambiguity averse, ambigretgian does have a sizeable impact
on optimal portfolio choices. The stock market participatdecreases substantially as well as the
conditional allocation to equity. Both effects decreasthwaige due to learning about the equity
premium, since learning results in young agents being mot@guous about the equity premium
compared to older agents.

Second, this structural model with ambiguity aversion aaniing allows identification of
age, cohort, and time effects. In a reduced form model agerpatof stock allocation cannot
be identified separately, from cohort effects and time &ffesince time, age, and cohort do not
vary independently. There are several rationales for why agents should optynchalinge their
allocation to risky assets with age; for instance humantahpwvhich is examined in Benzoni,
Collin-Dufresne, and Goldstein (2007) and Cocco, Gomed,Maenhout (2005). Furthermore
ambiguity aversion and learning about the expected stdokrénduces age effects, which is the
focus of this paper. Cohort effects relate to individualgeriences during life, common to those
growing up at the same time, which may influence behavior afieéfs. For instance high stock
returns can lead to upward revisions in expectations ahdutd stock returns (see Malmendier
and Nagel (2010)). Cohort effects in the model are geneedo learning about the expected
stock return. This results in differences between cohaortbeir optimal allocation to stocks; for
instance a 25-year old in 2007 has a different mean beliefitatb@ equity premium compared
to a 25-year old in 1989 due to a difference in the realizedksteturns in the preceding years.
Time effects can arise for a variety of reasons, for instaheeto decreasing fees or lower costs
of obtaining information over time. In the model, time effeare generated due to a decrease in
transaction fees over time.

Third, when | compare the optimal fraction allocated to kst the empirical levels, | find
a very close match when assuming that cohort effects are aatba lesser match when cohort
effects are added. If cohort effects are excluded, the giedifraction to stocks deviates not more
than 25% from the empirical levels at all ages, in the exathiyears 2007, 1998, and 1989. A
comparable good match is found when examining the partioipan the stock market. Hence by

3The identification problem arises because age equals timesnaohort (birth year). Ameriks and Zeldes (2004)
and Poterba and Samwick (1997) try to uncover specific aderpat but reach inconclusive results.



extending the often used life-cycle model calibrated byc@pGomes, and Maenhout (2005) with
ambiguity aversion and learning, | can explain the obsesteck allocations.

In contrast to other papers, | do not need to include sevdditianal features in the model to
be able to explain low stock allocations, such as partimpatosts (Paiella (2001) and Vissing-
Jorgenson (2002)), Epstein-Zin preferences, bequestsirigy cointegration between labor in-
come and dividends, and so forth, and the intuitive modificatvith ambiguity aversion can ex-
plain the empirical evidence very closely. Similar to thegppr, Gomes and Michaelides (2005) try
to match the empirically observed allocation to stocks tsuasng a bequest motive, fixed entry
costs of 2.5% of income, preference heterogeneity, ancelEp&in preferences. The participation
levels match closely, except after retirement, howeveptidictions about the conditional alloca-
tion to equity differ about 40% from the empirically obseshevels at younger ages. | can match
the allocation to equity conditional on participation iretetock market very well, especially at
young ages. Benzoni, Collin-Dufresne, and Goldstein (2@88ume cointegration between stock
and labor markets and find a hump-shaped allocation to eduatyever the absolute differences
with empirical levels are substantially larger than theifigg in this paper.

Two other papers include ambiguity and learning about thiarpaters in a life-cycle frame-
work and address similar questions as in this paper. Cangf@09) assumes agents have max-
imin preferences, are uncertain about the probability oiga stock return, and face fixed stock
market participation costs. The return on stocks can taki&vorvalues, high or low. Learning
occurs when agents invest in the stock market, and only witleraentage lower than 100% if
they do not participate. Hence patrticipation in the stockkatis encouraged, since it gener-
ates information about the expected stock returns. Theailegaprocess differs from this paper,
where both non-participants and participants receivedheesnformation about the stock market.
Campanale (2009) finds that ambiguity aversion about thea®gd stock return can rationalize
lower stock market participation. Linnainmaa (2007) exaasithe influence of ambiguity in a
life-cycle framework, but maximizes over financial wealtidatock prices follow a binomial tree.
In contrast to both papers | identify age, cohort, and tinfiect$, which are then compared to the
data. Hence | do not make the identifying assumption thabxtand time effects are zero. Cam-
panale (2009) points out the potential of a life-cycle masligh ambiguity aversion and learning
to calculate cohort effects, but leaves this for furtheeassh.

Two closely related strands of literature look at the imgticns of ambiguity on (1) portfolio
choice, and (2) asset pricing, from a non life-cycle perspecCao, Wang, and Zhang (2005) find
that model uncertainty can help explain the limited pgpaation, and Dow, Ribeiro, and Werlang
(1992) come to similar conclusions. Related to both pageasley and O’Hara (2009) model
ambiguity about expected stock returns and show how regolatf the market moderates the
effect of ambiguity. The influence of ambiguity on portfoholdings are furthermore examined



in for instance Bossaerts, Ghirardato, Guarnaschelli,Zarde (2010), and Garlappi, Uppal, and
Wang (2007Y. This paper differs in two important aspects. Namely, | exsn@mbiguity aversion
and learning in the context of a life-cycle model, so | notyoekplain the mean of stock market
participation and conditional allocation to equity aggrtegl over all ages, but at all ages. In
addition, | compare the implications of the two most emptbyeys to incorporate ambiguity
aversion, smooth recursive preferences and maximin gnedes. The second strand of literature
examines the asset pricing implications of ambiguity aradrigsng and explore whether this can
explain the equity premium puzzle (Ju and Miao (2010) angpeid, Trojani, and Vanini (2008¥).
The remainder of the paper is organized as follows. Sectides2ribes the life-cycle model,
in which | include ambiguity aversion and learning. In SeetB | show the impact of ambiguity
about the equity risk premium on optimal portfolio choicesl aompares the results from the
life-cycle model with the empirical evidence. Section 4ganets the results for smooth recursive
preferences. Robustness tests are subsequently perfori8edtion 5. Section 6 concludes.

2 The model

| extend the standard life-cycle framework by including &gty aversion and learning. Two
often used ways to do this are (1) maximin preferences andn@oth recursive preferences.
Essentially, the smooth recursive framework with infinibebaguity aversion equals the maximin
preferences framework. However, in the literature theyoéten presented as a separate framework
instead of the maximin preferences being a special caseeo$rtiooth preferences model. In

4Other papers relating stock allocations and ambiguity qrstéin and Schneider (2008), llleditsch (2010), and
Williams (2009) who look at ambiguous information. lllextih (2010) shows that ambiguous information can give
rise to portfolio inertia. Faria, Correira-Da-Silva, anib&ro (2009) model ambiguity about the volatility of stock
returns, while Gagliardini, Porchia, and Trojani (2009)dabambiguity averse agents and examine the implications
for the term structure of interest rates. Easley and O'H2604 Q) find that illiquidity arises due to uncertainty, and
at certain prices there are no trades. Furthermore, Cujtdiaizrak, Martellini, and Zapatero (2006) conclude that
uncertain agents have an incentive to trade induced byiteaaibout the expected return on stocks. Related to this
Mele and Sangiorgi (2009) examine costly information asitjoin to reduce uncertainty. Furthermore, a “flight to
familiar assets” can arise if agents are less uncertaintadmue assets compared to others, which is explored in
Boyle, Garlappi, Uppal, and Wang (2009). Other papersing/gtortfolio choice and ambiguity are Miao (2009) and
Liu (2010).

5Similarly, Hayashi and Wada (2010) examine the asset grionplications using a recursive smooth ambiguity
preferences model. Buraschi and Jiltsov (2006) deterrhim@ption pricing implications for agents who face model
uncertainty, while Chen and Epstein (2002) model ambiguity continuous time setting and explore the influence
on the equity premium. The references in this paragraphaaredm comprehensive, since the ambiguity literature
is large and growing fast and hence cannot be summarizeckisextion. Some excellent and recent reviews on this
literature are Epstein and Schneider (2010) and GuidolihRinaldi (2010).

6An alternative way to include uncertainty stems from theusilzontrol literature (Hansen and Sargent (2001)).
The idea is that the decision rules also work well (are rglitiftere is some model misspecification. Related to this
paper, Maenhout (2004) explores the impact of uncertaintysset prices and portfolio allocation in a robust control
framework.



compliance with the literature, | explore the implicatiasfsambiguity aversion and learning on
equity allocation via both frameworks, because there isiclamable debate on whether agents
exhibit smooth preferences or kinked preferences (maxpréferences)’

2.1 The individuals preferences

| consider a life-cycle investor of age= 1,...,7, wheret is the adult age] is the maximum
age possible, and& is the retirement age. Individuals maximize utility ovemsamption and
preferences are represented by a time-separable utititgin over consumptiorty,). The agent’s
decision variables at timeare consumptio; and stock weight,.

2.1.1 Maximin preferences

For comparison, in the standard life-cycle model withoubaguity, the individuals preferences
are defined as

Vi = magiu(ct)+ﬁpt+1Et{Vt+1(Wt+1)}7 (1)

wt,Ct

where/ is the time preference discount facterjs the utility function, and”; is the amount of
wealth consumed at the beginning of pertod he optimal fraction allocated to stocks is denoted
by w;, which is implicit in W,, ;. The probability of surviving to age+ 1, conditional on having
lived to periodt, is indicated by, ;.

| assume investors preferences are described by maximecteg utility, which essentially
means that agents maximize expected utility according édotlief which generates the lowest
utility. Gilboa and Schmeidler (1989) axiomatize this babain a static setting and Epstein and
Schneider (2003) in a dynamic framework. | assume that tleatag uncertain about the equity
premium and updates his beliefs according to realized stuaiket returns, which can be either
actively or passively observed. The updates of the beliedsiithe equity risk premium follow
from Bayes’ rule, which is described in Section 2.5. The mesief about the equity risk premium
is denoted by\? and the standard deviation by’. A\ ands? describe the set of priors, which are
normally distributed. The domain of equity premiums tha élgents thinks possible at time\,,
is given by[\? — 208, \B + 20P]. Garlappi, Uppal, and Wang (2007) make a related assumption
when incorporating ambiguity by stating that the expeceétdrn of an asset lies within a specified

“Ahn, Choi, Gale, and Kariv (2010) explicitly compare via atfaio choice experiment the maximin preferences
and smooth preferences to explore which describes acthavimr best and find evidence in favor of a kinked spec-
ification (maximin preferences). Other papers that exarftiie amount of) uncertainty or effects of uncertainty on
portfolio choice via experiments are Abdellaoui, Baillétiacido, and Wakker (2010), Bossaerts, Ghirardato, Guar-
naschelli, and Zame (2010), and Hayashi and Wada (2010).



confidence interval of its estimated value, and the agerdvi=has if the worst case belief in the
confidence interval is the true belief. Hence the mean of étiefoabout the equity premium,?,

is not the only possible value of the equity premium. But tlue imean is expected to lie within a
95% confidence interval of beliefs about the equity premium.

As described above, the agent is uncertain about the equeitgipm and tries to maximize the
value function at each periad

Vi = g}igf f\félAnt [U(Ct) + 5pt+lE?{‘/t+l(Wt+l)}] , with (2)
C

u(Cy) = 11_77 3)

(@)

whereE} is the expectation calculated as\ifs the true equity premium. | assume a CRRA utility
function, u, and~ is the risk aversion coefficient. In effect, the agent mazasiexpected utility
as if \? — 202 is the equity premium. Note that | assume that the agentdihii beliefs to a
range of possible equity premium, a confidence interval.rAerival of beliefs instead of the entire
distribution is not only intuitive but also necessary, hesathe beliefs are normally distributed
and hence the worst belief is infinitely negative. Furtherendor the maximin preferences to be

a limiting case of the recursive smooth preferences thetveaie prior must be the same in both
frameworks.

2.1.2 Recursive smooth preferences

In addition to examining the effect of ambiguity about theiggrisk premium and learning on the
allocation to risky assets via maximin preferences, | alspley smooth preferences. | assume
preferences as specified in Klibanoff, Marinacci, and Miak005), which include an ambiguity
function¢ and total optimal lifetime utility equals

V, = maCX u(Ct) + ﬁpt+1¢_1 (/ ¢ (E?{Vt—i-l(wt—i-l)}) pt()‘)d)‘) ) (5)
we,Ct A
i
¢(r) = — exp(—awx), (7

whereg is the constant relative ambiguity aversion function (CRA&Ad« is the ambiguity aver-
sion coefficient. This power-exponential specificationmgoyed in Collard, Mukerji, Sheppard,
and Tallon (2009), Klibanoff, Marinacci, and Mukerji (200and Klibanoff, Marinacci, and Muk-
erji (2005). Think of each prioA; € A; as describing a possible scenario (a possible equity risk

7



premium) angh, () as the probabilistic belief over the different scenaridsisTtility function can

be interpreted as being solved in two stages. First, theotegeutility for all the priors inA, are
calculated, to get a set of expected utilities. Maximin withlen take the minimum of these ex-
pected utilities, while smooth preferences takes an eafieatover the distorted probabilities. The
ambiguity aversion function distorts the probabilities, giving a higher weight to lovesipected
utilities, reflecting ambiguity aversion. Recursive sntopteferences allow a separation between
ambiguity, i.e., the subjective beliefs of the individyalad ambiguity aversion, which reflects the
decisions makers’ tastes with respect to the ambiguitys Skparation between ambiguity and
ambiguity aversion is not possible with maximin preference

2.2 The individuals constraints

The individual faces a number of constraints on the consiamgind investment decisions. First,
| assume that the agent faces borrowing and short-saletramns

wy > 0andd/w, < 1. (8)
Second, | impose that the investor is liquidity constrained
Cy < W, +Y;, 9)

which implies that the individual cannot borrow againsufetincome to increase consumption
today. W, denotes financial wealth anid is income. The intertemporal budget constraint equals:

Wepr = (Wi = Co + Y0) (1 + RS + wy(Reyr — RY)). (10)
The portfolio return is given as
Riy =1+R + (R — R = c)w,. (11)

wherec is the proportional fee for investing in stocks. Each pedagdnts pay a fee ands a fixed
percentage of the stock investment.
Furthermore | denote the wealth level after income and aopsion as:

A=W +Y, - C,. (12)



2.3 Financial market

| consider a simple financial market with a constant interast 2/ and stocks with i.i.d. returns
Ry11. The stock returns?,, ;, are normally distributed with an annual mean equity ref@a- A"

and a standard deviatiary, where\” is the assumed “correct” equity risk premium. The agent
is uncertain about the value of the equity premium. At timéihe agent merely has a distribution
over the equity premium),. This distribution changes over time because of learnirguathe
equity risk premium. The distribution of the equity risk prem, given the information at timg

is itself characterized by a state-variable, containirgl#arned meai?, and its variancéo? ).
Agents pay a proportional transaction feg which differs per year. These fees generate time
effects in stock allocation and allow the matching of thedprtons from the model to the data.
The parameters used are described in Section 2.6.

2.4 Labor income process

| assume that labor income is uncertain and given by
Y =exp(fi + v +¢)fort < K, (13)

where
Uy = Uy + Uy (14)

After the retirement ag&” income is riskless and equals a fraction of the labor inconaga 65
(the replacement rate). Labor income exhibits a hump-shapafile over the life cycle which

is accommodated by;, where f; is a deterministic function of age. The error term consist of
a transitory component and a permanent componegnis a transitory shock and is distributed
asN(0,02). u; presents a permanent shock, where~ N(0,02). This representation follows
Cocco, Gomes, and Maenhout (2005) and | calibrate the |aoome process according to their
estimates. The functiofj is modeled by a third order polynomial in age,

fi = ag + ot + ast? /10 + ast® /100. (15)

2.5 Learning and updating of beliefs

Agents learn about the equity risk premium during theirtiifee and become less uncertain with
age because they have received more information. | do noeraskumptions about the cause
of ambiguity about the equity risk premium. Uncertainty lcbstem from lack of statistical evi-

dence, since stock market returns are so volatile that arnd to measure the expected return. But



uncertainty about the equity premium could also result firnconsistency is theoretical evidence
or unsophistication of investors. As agents get older thajate their beliefs on the equity risk

premium conditional on the signals, i.e., realized returhassume agents update their beliefs
irrespective of stock market participation, e.g., sincergone receives similar information via

newspapers, television, and so on. Furthermore, the uygpjptocess for the set of priors follows

from Bayes' rule?

The agent is uncertain about the equity risk premiud, | model this as follows. Before
observing any signals, the set of priors are normally disted with mean\? and variancéo?)2.
An individual of aget has received — 1 independent signals abont, R, = R/ + A\ +¢,, where
¢; is normally distributed with mean zero and a known variamge These signals, the realized
excess returns, are observed annually. The updated photg ®* is normally distributed with
mean\? and variancés?)?, where

1 t—1 t=1
B B (of)? 1 0%
Moo=\ = (Ri— R) "= (16)
(o) of =1 (@P)? ' of
weight mean prior weight returns
1
(@) = % (17)
I

The posterior mean? is a precision weighted average of the prior mean and thegeesignal.
Attime ¢t = 1, representing age 20, the agent has not yet observed stogktmeturns. Unlike
A\B, the posterior variancer?)? does not depend on the realizations of the signals. Thiavegi,
which measures the uncertainty/ambiguity abogtdecreases as the number of signatereases
(learning reduces uncertainty), herfe¢’)? < (o2 ).

Note that | do not assume that agents learn in a rational maReeple start with prior beliefs
about the equity risk premium at age 20 and update thosddabeording to the realized returns
from age 20 onwards. Hence agents put no weight on stocknsehefore age 20 and only take
into account realizations during lifetime. Malmendier &tagel (2010) find that stock returns ex-
perienced receive a much larger weight when forming betibtsut expected stock market returns
compared to stock returns during childhood or before biftie priors at age 20 could be thought
of as containing to some extent the realized stock returriaglbefore age 20, but | do not assume
that prior beliefs at age 20 are equal to the confidence iatévm the stock return data available.

Cohort effects can be identified by learning about the eqisiypremium. For instance, a 25
year old in 2007 has faced 5 realized stock returns, and tla@ wiethese excess returns,(— R)

80ther updating rules for beliefs are explored in EpsteirgiNand Sandroni (2010), Epstein and Schneider (2007),
and Hanany and Klibanoff (2009).

10



induces a higher or lower beliefs compared to the prior mediefoabout the equity premium,
AB. If the updated beliefAZ, has increased due to high realized stock returns, thisesuitrin
higher allocations to stocks. | calculate the pattern oflstlocations over the life cycle taking
into account these cohort effects.

Two assumption are made: (1) the amount of ambiguify,is the same for every 20-year old,
independently of birth year and (2) the mean of the priorsuaiiee equity risk premium)?, at
age 20 is independent of birth year and hence independetda geturn realizations before age
20. In regard to assumption (1), the reason why | assumehbatrhount of ambiguity (standard
deviation of belief) about the equity risk premium is the 8am1970 and 2000, is that data going
back more than for instance 70 years may, according to th#,ag# be that relevant for estimating
the equity premium today, due to, for instance, structunainges (Pastor and Veronesi (2009)).
Structural changes, induced by for example technologiovations, might permanently change
the equity risk premium. Hence the amount of uncertaintysdos reduce over time and is thus
irrespective of the year in which the agent is born.

Regarding assumption (2), the mean of the belief is the sanevéry 20-year old and does not
depend on birth year. Different priors at age 20 could geaexdditional cohort effects, however
| assume that the prior is independent of birth year, becagsats incorporate realized stock
returns during adult life more heavily into beliefs tharures during childhood or before birth, see
Malmendier and Nagel (2010).

2.6 Benchmark parameters for the life-cycle model

| set the risk aversion coefficient) equal to 5, which is the same as used in Benzoni, Collin-
Dufresne, and Goldstein (2007) and Gomes and Michaelid@35)2 The ambiguity aversion
parameter is assumed to be Ld@ime ranges fromt = 1 to time 7', which corresponds to age
20 and 100 respectively. Agents retire at tidie= 45, corresponding to age 65. The survival
probabilities are the current male survival probabiliiegshe US which are obtained from the
Human Mortality Databas¥.| assume a certain death at age 100.

The correct equity premiumy? is assumed to be normally distributed with a annual mean of
4% and an annual standard deviation of 16%, which is in accordance with historical stock
returns. The risk free rate is 2%, hence the expected stogkres 6%. The mean of the priors
about the equity premium at tinte= 1 (age20) is equal to the correct equity premiunxf = 4%.

The standard deviation of the beliefs at time 1, o7, is 2%.

9The literature on smooth recursive preferences is relgtivew and requires as an input the ambiguity aversion
parameter. As of yet only a few papers try to estimate thiamater and arrive at varying numbers. Chen, Ju, and
Miao (2009) find values between 60 and 100, while Ju and Mi@a@Quse a calibrated ambiguity parameter of 8.8.
10| refer for further information to the website, www.mortglorg.
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| take the parameters for the labor income process estintatédcco, Gomes, and Maenhout
(2005). The deterministic hump-shaped profile of incomeeisegated by the parameters, =
0.1682, as = —0.0323, andas = 0.002. | choose the constanty, to accommodate different
income levels at time t=1. The benchmark income level at @yis $15,000. The variance of
the transitory shock to labor income?, is 7.38% and the variance of the permanent shoegk,
is 1.06%. The replacement rate of the labor income at age 63%sof the wage at age 65. The
income during retirement is riskless. These numbers ara foigh school graduate which are
estimated in Cocco, Gomes, and Maenhout (2005) and useé astichmark parameters in their
analysis.

2.7 The individuals optimization problem and numerical metod

The timing, during one year, is as follows, first an indivitheeives his labor or retirement income
after which he consumes. Subsequently the remaining wisalthiested. | assume the investor is
liquidity constraint and impose standard borrowing andiskales constraints.

The optimization problem is solved via dynamic programnand | proceed backwards to find
the optimal investment and consumption strategy. In thepkasod the individual consumes all his
remaining wealth, hence his utility from terminal wealtlksown.

2.7.1 Solvingmaximin preferences

Due to the richness and complexity of this model it cannot dieesl analytically, so | employ
numerical techniques following Brandt, Goyal, Santa-&land Stroud (2005) and Carroll (2006)
with several extensions by Koijen, Nijman, and Werker (20HBrandt, Goyal, Santa-Clara, and
Stroud (2005) adopt a simulation-based method which cahvdéamany exogenous state vari-
ables. In this model, the mean of the priors about the equésnjum,\”, and incomey;, are the
relevant exogenous state variables. Wealth acts as an @moleg) state variable. For this reason,
following Carroll (2006), | specify a grid for wealtafterincome and consumption. As a result, |
do not need numerical rootfinding to obtain the optimal comstion decision.

In each period | find the optimal asset weights by setting tisedrder condition equal to zero

min
)‘t

Et (C:;£Y<Rt+l - Rf)) =0, (18)

where)" is the lowest equity premium i,. C;,, denotes the optimal consumption level. The
optimal consumption follows from

Cr ™ = Bpen B (CrREY) (19)
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The numerical method | use to solve the life-cycle probletmwiaximin preferences is described
in Appendix A.

2.7.2 Solving recursivesmooth preferences
In each period | find the optimal asset weights by setting tisedrder condition equal to zero

M
a’lUt

= Blo7Y) (/At {o (B} {Vt+1(Wt+1)})})

A {& (B} {Vier (Wi1)}) BN {C7 T (R — RN} =0, (20)
¢
whereE} is the expectation, conditional on the values of the statiabies at timet. | take the
weighted mean over the distorted expected utilities. Beedhe optimization problem is solved
via backwards recursion, | kno®;, , at timet + 1. Furthermore, | simulate the exogenous state
variables for N trajectories and T time periods to calcuthterealizations of the Euler condition
(20). | regress these realizations on a polynomial expanisidhe state variables to obtain an
approximation of the conditional expectation of the Eulendition.

The optimal consumption at tintefollows from

= o) ([ {6 @ 0}

/A (6 (B2 {Vir (W)} B {CIT R )Y (21)

A

3 Effect of ambiguity aversion and learning on optimal allo@a-
tions with maximin preferences

3.1 Age effect of ambiguity aversion on optimal portfolio cloice

In the benchmark life-cycle model, age effects are gengfageambiguity aversion, learning, and
labor income and in this section | focus only on these agectsifeFurthermore, in this section
fees are excluded from the analysis. The optimal fractitotated to stocks, conditional on par-
ticipation in the stock market is graphed in Figure 1a. Tighsinon-smoothness of the curves in
the figures are due to simulation inaccuracy. Comparingalse with ambiguity (solid line) to no
ambiguity (dashed line), shows that the allocation to stogken agents are ambiguity averse is
much lower. The impact of ambiguity aversion is substaatigioung ages, but this effect declines
at later ages. This is intuitive, since the ambiguity abbetequity risk premium decreases over
time as agents learn.
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Figure 1: Optimal fraction allocated to stocks and optinetigipation in the stock market.

| display the optimal conditional fraction of financial wiahllocated to stocks and optimal participation in the lstoc
market for agents who are (1) ambiguous about the equityprisknium and learn about this parameter and who are
(2) not ambiguous about the equity premium. The upper pdmis the fraction of financial wealth allocated to
stocks, conditional on stock market participation. Thedowanel shows the optimal participation level, which is
unconditional on having positive financial wealth, and tmgudes all the simulation paths. In case an agent has a
near zero financial wealth level (below $100), the optimatipimation is assumed to be zero. Agents learn about the
equity risk premium. Maximin preferences are used and tmampeters are as in the benchmark case, unless stated
otherwise.
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Focussing on the no-ambiguity case, if agents are fullyagerabout the values of all the
parameters in the model, they allocate 100% of financial te¢alstocks before age 40. Similar
results are found in Cocco, Gomes, and Maenhout (2005). 8dson for this high fraction is that
young agents have only a small amount of financial wealth @vetpto a high level of human
capital. Since human capital is like an implicit investmana riskless asset, an agent allocates
optimally his entire financial wealth to equity. Between d@eand 65 the conditional allocation
to the risky asset decreases. At those ages retiremengsaaie very high while at the same time
the net present value of labor income decreases, henceattt®fr of financial wealth to human
capital increases. This results in a decline of the relallacation to the riskless asset “human
capital” and, as a consequence, the optimal fraction of filmhwealth invested in stocks decreases
to maintain a similar risk-profile. After retirement theaadation to stocks increases slightly, as in
Cocco, Gomes, and Maenhout (2005). At that time the ageréwsphis financial wealth more
rapidly due to the additional implicit discount factor, gnal probabilities, and hence the fraction
of financial wealth to human capital decreases, which inslad@gher fraction of financial wealth
invested in stocks. If agents are ambiguous about the egskypremium, they allocate less
financial wealth to stocks. At all ages the fraction alloddtestocks is approximately 50%, which
is much closer to the empirical findings.

Figure 1b displays the effect of ambiguity about the equil premium, and aversion with
respect to this ambiguity, on optimal participation levalthe stock market. The effect is substan-
tial, the participation level before retirement drops bpat25% on average. When agents are not
ambiguous about the equity premium, the participationlgeiwethe stock market are high. Since
labor income is not correlated with returns on the stock mfark is optimal for all agents, even
with low financial wealth, to allocate at least a small frantof financial wealth to stocks. The
reason that not 100% participates is that | assume that agétit financial wealth below $100
do not invest in stocks. If | would take these agents with rzeso wealth into account it would
distort the comparison of the model predictions to the dateesin reality people with less than
$100 would not invest, due to participation costs and mimmialance requirementéThe impact
of ambiguity aversion decreases with age since the ampigbibut the equity risk premium de-
clines, as agents learn by observing the realized stockn®t€ao, Wang, and Zhang (2005) and
Easley and O’Hara (2009) find that ambiguity aversion caiit line participation levels, both in a
non-life-cycle framework.

1] abstract from hedging demand. The investment opporasiithprove slightly after a high realized stock return,
which could induce a negative hedging demand. But sinceitleeo$ the update of the mean belief about the equity
risk premium is very small, the hedging demand will be ndgliso | set the stock market participation equal to zero
if the worst case belief is zero or negative.

121n addition, the simulation inaccuracy of optimal stocloalitions is higher for these low wealth levels, since the
difference in utility of the agent when he invest 100% or 0%timcks is negligible.
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Whether agents participate in the stock market dependsoorilye worst case belief about the
equity risk premium. If the worst case belief is zero or negathe agent does not participate in
the stock market, while if the worst case equity risk premisrpositive, the agent participates.
Even if the agent has not that much wealth, if the worst caBeflie positive, the agent optimally
invests a positive fraction of his wealth to stocks. The oeawhy no ambiguity averse agent
participates at age 20 is that the worst case belief is gxaetb. At age 20 all agents have a mean
belief about the equity risk premium of 4% and a standardadien of 2%. The 95% confidence
interval, which is the range of beliefs that the agent cagrsids[0%, 8%].1* Hence the worst case
belief is 0%, which results in zero participation in the $tocarket. The worst case beliefs are
presented in Figure 2. At age 21 the agent has experiencedlarsturn realization at age 20, and
updates his belief. In the figure it can be seen that the 50%tdgigs higher than 0%, hence more
than 50% of agents participates in the stocks market.

Worst case prior (in %)

1 L
20 30 40 50 60 70 80 90 100
Age

Figure 2: The worst case prior about the equity risk premiom@an, 5th and 95th percentile.

In this figure | display the worst case beliefs about the gqisk premium. The agent maximizes his utility as if the
worst case belief is the correct parameter. The worst cdssd beage 20 is 0% (4%-2*2%). When people age, they
update the beliefs (mean and standard deviation) accotditige realized stock returns, hence the worst case beliefs
are different per trajectory. The parameters are as in thehmeark case, unless stated otherwise.

Vissing-Jorgenson (2002) and Paiella (2001) examine thications of fixed participation
costs on optimal participation levels and find that it canl&xpwvhy less wealthy household do not
participate, but not the low participation levels of the \tiea | find that ambiguity about the equity
risk premium can provide an explanation for the lower pgréition levels of wealthy individuals.
The benchmark model with ambiguity aversion and learningsdmwever predict some extreme
participation levels if | take into account cohort effeatsluced by learning. If, for instance, the
worst case belief of all 30-year olds in 2007 is positives ttasults in 100% participation of all
30-year olds in 2007. However, this hinges on the assumftimtrthe ambiguity about the equity

13| do not take the exact 95% confidence interval, which woul@ibe— 1.96 * 2%, 4% + 1.96 * 2%).
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risk premium, i.e., the mean and the standard deviationeb#liefs, is exactly the same for all
30-year olds in 2007. Assuming heterogeneity of beliefgat20, would change this result.

In the previous paragraphs, the optimal allocation is exgaldor agents who are ambiguous
and are averse to this ambiguity. In contrast, in the more stahdmbiguity neutral framework
agents are only uncertain about the parameters, but nadeaveéth respect to this uncertainty.
When this is the case, the optimal allocation will almost cloange. In the benchmark model,
the agents’ beliefs about the equity risk premium are ndgndiktributed with a mean of 4%
and a standard deviation equal to 2%. If agents are ambigeityral, their behavior is induced
by the so called predictive distribution. The standard aléen for the compound distribution of
the volatility of the return on equityyz and the volatility of the beliefg?, can be reduced to
the predictive volatilityy/o% + (¢7)2. For the benchmark parameters this results in a standard
deviation of 16.1% (note thaty is 16%). Hence uncertainty about the equity risk premiunh wil
have (almost) no effect on optimal portfolio choices whesuasing uncertainty neutrality. |1 do
not graph these results here, but the optimal fraction alkxtto stocks and optimal participation
levels are almost indistinguishable from the dashed-linésgure 1, the no-ambiguity case.

3.2 Comparing the optimal stock allocations to the empirichevidence

In this section | compare the predictions from my benchmifekdycle model with the data from
the Survey of Consumer Finances. The Survey of Consumenéasds the most comprehensive
dataset on households assets and liabilities in the Unite@<sS The survey is conducted every
three years since 1983. From 1983 to 1989 it is partly a paatelsét, while after 1989 the data
consists of repeated cross sections. High income housal®loler-sampled to obtain a sufficient
number of wealthy households in the study. | employ a measurgnancial wealth and stock
investment according to the method suggested by the suivegnsumer finances. The same
measures are used in Gomes and Michaelides (2005). Fihamzhh consists of both retirement
and non-retirement wealth and stock investment is caledlas the sum of direct investment in
stock and stock mutual funds as well as stock investmentmdipa wealth. More details on the
data from the Survey of Consumer Finances can be found iniip®.

Agents behave according to maximin preferences and facegaitypabout the equity risk
premium. Previously | only examined the age effects of amibygaversion and learning, while
in this section time and cohort effects are included. Firstill compare the model predictions
to the data, where the model predictions include age anddifeets, but exclude cohort effect.
Thus assuming that cohort effects are zero. Time effectsndieced by introducing decreasing
proportional fees over time. Subsequently, | will includdhort effects to explore which model
specification fits the data best.
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Figure 3: Comparing the empirical data to the model preaiistion stock allocations; age and time effects included.

| display the conditional fraction of financial wealth aliged to stocks and the optimal stock market participatiah bar the data and the optimal levels. The
fraction of financial wealth allocated to stocks is conditibon stock market participation. The optimal participatlevel is unconditional on having positive
financial wealth, and thus includes all the simulation pathgase an agent has a near zero financial wealth level (I%16@), the optimal participation assumed
to be zero. Agents learn about the equity risk premium. The fie 2007, 1998, and 1989 are 50, 100, and 150 basispoiptxcta®ly. The data are repeated cross
sections from the Survey of Consumer Finances, and | takeg@&s over the fraction allocated to stocks, conditiongbanticipation. Maximin preferences are
used and the parameters are as in the benchmark case, uatedgherwise.



Panel (a), (c), and (e) in Figure 3 shows the effect of ambygersion on the optimal fraction
allocated to stocks, conditional on stock market parttogpg and compares the model predictions
with the empirical levels. As before, ambiguity about theiggrisk premium has a substantial
impact on the fraction of financial wealth allocated to s&cKhe average fraction allocated to
stocks over the life cycle when agents are not ambiguougpi®amately 85%, while if ambiguity
aversion is included, the average fraction to stocks eda@#s. When comparing the predictions
from the life cycle model with ambiguity aversion and leagnito the data, the match is much
better. To compare, Gomes and Michaelides (2005) find optiteecation levels of almost 100%
at young ages, while the model with ambiguity predicts optilevels of about 55%. Note, that the
model predictions for the conditional fraction allocatedtocks is almost the same in 2007, 1998,
and 1989. The reason is that, conditional on the worst cdeed being is positive (i.e., conditional
on participation), the average of the worst case beliefallaihe trajectories at a certain age are
approximately the same. However, the fraction of agentshiénge positive worst case beliefs (the
participation levels) depends highly on the size of the.f@éss can be seen in panel (b), (d), and
(f); the participation levels are much higher in 2007 coneplao 1989. Due to fees, the worst case
beliefs about the equity risk premium are lowered with tiigat percentage and hence the optimal
participation levels shift down. The inclusion of time effe, which | assume arise (mostly) due
to fees, allows the matching of the participation levels®?2, 1998, and 1989, since in 1989 the
empirical participation levels are substantially lower.sum, the model with ambiguity about the
equity risk premium matches more closely to the data thamibeel without ambiguity aversion.

It is difficult empirically to separate the effects of agehod, and time on portfolio choice.
The intrinsic identification problem prevents inclusioruafestricted age, time, and cohort effects.
However, under certain assumptions, the structural modgls paper does allow the identification
of all three effects. In previous sections, the age and tiffeets on portfolio choice are presented,
which are generated by ambiguity about the equity premiudi@arning as well as labor income.
These results are unconditional on the history of stockmstuHowever, realizations of past stock
returns, which differ among cohorts, can potentially inelaohort effects in the data. Malmendier
and Nagel (2010) find that stock market return experienceasgllife influence the beliefs about
expected stock returns. The beliefs about the equity pranfidu varying ages in the years 2007,
1998, and 1989 are presented in Figure 4. The beliefs of ant age determined in part by the
mean of the priors at age 20 and in part by the realizationsokseturns. Figure 4 shows that the
mean of the belief for a 25-29 year old is about 4.5% in 1998 &iélo in 2007. The difference
stems from the fact that the 25-29 year old in 1998 experiscene very good returns in the
early and mid 90's, while the agent born later experiencedrkturns in the early 21st century.
The deviations of the mean belief about the equity risk poemirom 4% generates and allows the
identification of cohort effects.
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Figure 4: Beliefs about the equity risk premium in the yed@872 1998, and 1989.

The graph reports the beliefs for different ages in the ygafs7, 1998, 1989. The mean of the priors about the
equity risk premium\? is displayed, not the worst case prior. To obtain these figlingsed the realized stock
returns downloaded from Robert Shillers’ website (htipaiv.econ.yale.edu/ shiller/data.htm), which contains US
stock market data from 1871 onwards. To calculate the biglief 25 year old in 2007 | combine the prior belief with
the average of returns in 2003 to 2006. The mean of the belieffe 25-29 is the average of the beliefs for a 25 year
old agent, 26-year old, and so on.

Figure 5 compares the predictions from the model with (1) @k time effects and (2) age,
time, and cohort effects to the data. First of all, the magcheatter when cohort effects are as-
sumed to be zero. When examining the optimal participaterls in 1989, panel (f), the model
predictions when including cohort effects are zero pgréition at all ages. The reason is that at
all ages, the worst case belief (mean belief minus fees mimoagimes the standard deviation of
beliefs) is always negative, which induces zero partiogpatFurthermore, the conditional fraction
allocated to stocks is lower when cohort effects are inaiidempared to excluding cohort effects.
This is not per definition the case, but the reason is thatwbege worst case beliefs over all the
trajectories (so excluding cohort effects), conditionalpmsitive beliefs, is higher than the worst
case beliefs at all ages in 2007, 1998, and 1989.

In the previous graphs, | focussed on matching the meansegbdhticipation levels and the
conditional allocation to stocks, not examining other mateeTable 1 displays the stock alloca-
tions predicted by the model and empirical estimates fdent quantiles, assuming that cohort
effects are zero. The 10% quantile of the fraction alloc&textocks for all ages is 10% in the data
and 7% according to the model. The median matches very vih, df financial wealth allocated
to stocks in the data compared to 43% according to the modeen\8plitting the fraction invested
in stocks up for different ages, the quantiles in the datiedglightly more from the model pre-
dicted quantiles. Note that it is not insightful to presdre guantiles for the participation levels,
since thisis @&/1 variable and all the information is already contained irnuFégs, where the mean
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Figure 5: Comparing the empirical data to the model preainstion stock allocations; age, time, and cohort effectsidend.

| display the conditional fraction of financial wealth aliged to stocks and the optimal stock market participatiah bar the data and the optimal levels. The
fraction of financial wealth allocated to stocks is conditibon stock market participation. The optimal participatlevel is unconditional on having positive
financial wealth, and thus includes all the simulation pathgase an agent has a near zero financial wealth level (I%16@), the optimal participation assumed
to be zero. Agents learn about the equity risk premium. Coéffects are included and the fees in 2007, 1998, and 1989@&r&00, and 150 basispoints
respectively. The data are repeated cross sections fro@uthey of Consumer Finances, and | take averages over ttteofrallocated to stocks, conditional on
participation. Maximin preferences are used and the paemare as in the benchmark case, unless stated otherwise.



Table 1: Quantiles for the optimal and empirical conditidraction of financial wealth allocated
to stocks; age and time effects included.

The conditional fraction allocated to stocks in 2007 arewaled via the Survey of Consumer Finances. The optimal
fraction is calculated including, age and time effects. sFafe50 basispoints are included. Both the optimal and the
empirical fraction are conditional on stock market papiation.

Data 10% quantile 25% quantile 50% quantile 75% quantile 90% tiiean
age 25-74 10 23 45 69 88
age 25-34 7 17 36 65 87
age 35-44 10 23 45 72 88
age 45-54 14 26 47 68 88
age 55-64 11 26 47 68 90
age 65-74 6 18 37 70 88
Model 10% quantile 25% quantile 50% quantile 75% quantile 90% tiiean
age 25-74 7 20 43 82 100
age 25-34 10 27 60 99 100
age 35-44 10 23 51 94 100
age 45-54 8 19 40 78 100
age 55-64 5 14 33 72 100
age 65-74 6 14 30 67 100

participation levels are displayed.

3.3 Effect of ambiguity aversion on optimal consumption andsavings

The optimal consumption and wealth decisions are plott&dgare 6. The difference between the
consumption levels when agents are ambiguous about thty etghi premium is substantial: the
consumption of agents who are ambiguity averse is 5-10%rltrann age 30 onwards. The reason
is that agents who are ambiguous about the equity risk pramnyest less in equity and, as is dis-
played in Figure 6b, have less wealth (savings plus invastnegurn) accumulated. Furthermore,
note that the consumption pattern is smooth over time, vihdaeal income drops substantially at
retirement because the replacement rate is 0.68, in lire@atco, Gomes, and Maenhout (2005).
The agent saves to obtain a smooth consumption patternif®jexhich can be seen in Figure 6b.
Agents who face ambiguity about the equity risk premium hea@wver amount of wealth accu-
mulated at age 65, $225,000 compared to $250,000, sincesvagevless agents participate in the
stock market and the agents that participate invest a snfedietion of their financial wealth in
stocks. The savings levels are comparable to the findingec@; Gomes, and Maenhout (2005).
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Figure 6: Optimal consumption and wealth.
| display the average optimal consumption and optimal vkef@t agents who are (1) ambiguous about the equity
risk premium and who are (2) not ambiguous. Furthermorevbeage income is presented, which is independent of

whether agents are ambiguous. Maximin preferences areamskithe parameters are as in the benchmark case, unless
stated otherwise.

4 The Effect of Ambiguity Aversion and Learning on Optimal
Portfolio Choice with Smooth Preferences

In the previous section | show that when agents have maximafepences, ambiguity aversion
has a large effect on optimal portfolio choices. Howevegréhs considerable debate on whether
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agents exhibit smooth preferences or maximin prefereneasehin this section | examine the
influence of ambiguity aversion when agents behave acaptdirsmooth recursive preferences
with moderate ambiguity aversion. Note that smooth ambygueferences with infinite ambiguity
aversion equals maximin preferences.

Klibanoff, Marinacci, and Mukerji (2005) express that orfetlte advantages of smooth re-
cursive preferences is that ambiguity, the amount of uac#st about the parameter, can be dis-
tinguished from the aversion to this ambiguity. Figure 7avehthe optimal fraction of financial
wealth allocated to stocks, conditional on participatiorthe case that (1) the parameters are
not ambiguous and (2) the parameters are moderately amisgarad the agent is averse to this
ambiguity. There is a small decrease in the allocation tokstoWhen comparing the curves in
Figure 7b, | find that the participation levels do not vary mugth the level of ambiguity. Indepen-
dent of whether the agent is uncertain, the participativeleare high. Overall, for the benchmark
parameters the effect of ambiguity aversion on the optirogfqlio allocation is negligible.

The finding that ambiguity aversion has (almost) no effecoptimal portfolio choice for the
benchmark parameters and smooth recursive preferendesnwiderate ambiguity aversion &
10), is confirmed by the analytical optimal portfolio choicdwmn found in Gollier (2009). He
derives the optimal solution in a static model for an expoiaéspecification for the risk aversion
function and a power specification for the ambiguity avargioction. In contrast, | use a power-
exponential specification and no analytical solution cardé&eved in that case. Gollier (2009)
finds the following optimal solution:

)\B

R P (S P Y (22)

and when | plug in the benchmark parameters-atl the equation equals:

.04
w' = 0.0 . (23)
(00256 + (1 + )0.0004)

The optimal allocation to equityy*, depends only little on the ambiguity aversion parameter,
which is comparable to the findings in this paper. Simila@izen, Ju, and Miao (2009) explore
the impact of model uncertainty about return predictapiib asset allocation, and find that the
risk aversion parameter has a larger effect on optimal plastEhoice than ambiguity aversion. In
contrast, Klibanoff, Marinacci, and Mukerji (2005) illuate the possible effect of ambiguity on
portfolio choice in a static example and find a sizeable éffdowever the amount of uncertainty
is higher compared to the benchmark case in this paper.

The optimal stock allocation for an ambiguity aversion paeter between 10 and infinity is not
yet calculated. In the limit when ambiguity aversion goemtmity the effect of ambiguity about
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Figure 7. Conditional fraction allocated to stocks and lstoarket participation

| display the optimal conditional fraction of financial wiahllocated to stocks and optimal participation in the lstoc
market for agents who are (1) ambiguous about the equityprisknium and learn about the parameters and who are
(2) not ambiguous about the equity premium. The upper pdmis the fraction of financial wealth allocated to
stocks, conditional on stock market participation. Thedowanel shows the optimal participation level, which is
unconditional on having positive financial wealth, and tmgudes all the simulation paths. In case an agent has a
near zero financial wealth level (below $100), the optimatip@ation is set to zero. Agents learn about the equity
risk premium. Smooth recursive preferences are used anuhbttaneters are as in the benchmark case, unless stated
otherwise.
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the equity risk premium is sizeable and can help explainteircally observed low allocation to
stocks. However, for which ambiguity aversion coefficienthe smooth preferences framework
this similar result is achieved is not yet examined. Comsistwith the findings in this paper, ex-
perimental evidence suggests that agents behave morelexgrto kinked (maximin) preferences
than smooth ambiguity preferences (see Ahn, Choi, GaleKanigt (2010)).

5 Importance of income, risk aversion, and initial ambiguity
with minimax preferences

In this section the importance of several assumptions ®nhAin results are tested; assumptions
on (1) the level of initial ambiguity about the equity premmu(2) the level of risk aversion, and
(3) labor income. Since the effect of ambiguity aversiongéats have smooth preference with
moderate risk aversion is limited, | will focus the robustmeests on maximin preferences. In
Section 5.4, | explore whether increasing risk aversionstéstitute for ambiguity aversion, and
change the optimal stock allocation in a similar way.

5.1 Initial ambiguity about the equity risk premium

The amount of ambiguity, the standard deviation of the belmut the equity risk premium, is
chosen somewhat arbitrarily. There is no direct evidencelunh to base the level of uncertainty,
so | perform sensitivity analysis with respect to this pagten Intuitively, a standard deviation of
2% seems reasonable, since this ensures that the 95% caefitheerval of the equity risk pre-
mium that the agent beliefs is possible is between 0% and &iea0. Compelling evidence that
this is not overstating the degree of ambiguity can be dérikem the financial literacy literature.
When answering questions to establish financial literaeglée Rooij van, Lusardi, and Alessie
(2007) find that 22% of survey respondents answer that theyotlknow whether "considering a
long time period, stocks, bonds, or savings accounts gedifhest return”. Furthermore 30%
gives the wrong answer and less than half give the correatemsThis at least indicates that
it is a valid assumptions that a large fraction of agents ibigaous about the equity premium,
and in general about financial market parameters. Furthvernewen assuming that agents look
up all previous stock market returns, the confidence intevaut the equity premium would still
be large. But since | have no means to determine the rangeudtlyetsk premium that agents
deem possible, this section examines the influence of thaliambiguity level on the results. The
results from this section can also be viewed in light of tigerds are different in their amount of
ambiguity and how this influence the optimal fraction allkeckto stocks and optimal participation
levels.
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| display the optimal conditional fraction of financial wiahllocated to stocks and optimal participation in the lstoc
market for agents who are (1) ambiguous about the equityprisknium and learn about the parameters and who are
(2) not ambiguous about the equity premium. The upper pdmis the fraction of financial wealth allocated to
stocks, conditional on stock market participation. Thedowanel shows the optimal participation level, which is
unconditional on having positive financial wealth, and tmgudes all the simulation paths. In case an agent has a
near zero financial wealth level (below $100), the optimatip@ation is set to zero. Agents learn about the equity
risk premium. Maximin preferences are used and the paraswte as in the benchmark case, unless stated otherwise.
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Figure 8 displays the conditional allocation to equity amel participation in the stock market
for varying levels of initial ambiguity. The optimal fraot allocated to stocks is approximately
the same if the standard deviation of beliefs is 3% or 2%. Hason is that only if agents have
a worst case belief higher than zero, they participate instoek market. Hence at age 20, no
one participates. At age 21, agents have experienced stagk realizations the year before and
update their beliefs. But the agent with a standard deviatioc3% needs a much larger positive
update to have a worst case belief higher than 0% and patggipompared to an agent with a 2%
standard deviation. So the participation levels are mualetpsee Fig 8b, but once over the 0%
hurdle (so conditional on participation), the fractioroalited is the same. The fraction of financial
wealth allocated to stocks if agents have a standard dewiafibeliefs of 1% is much higher at
young ages, because the average worst case belief, coadliin having a positive worst case
belief, is higher.

5.2 Risk aversion

In the benchmark case the risk aversion coefficient equaled3 avill explore the effect of this
assumption on the main findings, for which the results arsgmed in Figure 9. For the same
reason as before, the optimal participation levels are iofilyenced by the risk aversion coefficient
via the effect that risk aversion has on precautionary g@vinSo risk aversion influences the
fraction of agents that have wealth higher than $100 anddffasts the participation levels. As
can be seen from Figure 9b, the participation levels cham@eshightly. The conditional stock
allocations are plotted for a risk aversion coefficient d,2and 10 (Cocco, Gomes, and Maenhout
(2005) use 10 for their benchmark case). The optimal fractibcated to stocks, conditional on
stock market participation, is sensitive to the risk avarstoefficient. There are two channels
via which a higher risk aversion changes the optimal fractiéirst, a higher risk aversion results
in a decline in the optimal allocation to stocks directlycgrthe agent is less risk tolerant and
shifts the position to more riskless assets. In additioac@utionary savings increase if the risk
aversion is higher to have a large buffer against labor maidde This inflates the relative fraction
of financial wealth to human capital and thus depresses ttimalpfraction of financial wealth
allocated to stocks. Both channels work in the same direcia for this reason the more risk
averse the agent, the lower the optimal fraction investexionks. Note that for all levels of risk
aversion the effect of ambiguity and learning on the stockketzallocation is sizeable.
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Participation in the stock market

Figure 9: Stock market participation and conditional adlit@n to stocks for varying levels of risk

aversion

| display the optimal conditional fraction of financial wdahllocated to stocks and optimal participation in the lstoc
market for agents who are (1) ambiguous about the equityprisknium and learn about the parameters and who are
(2) not ambiguous about the equity premium. The upper pdrels the fraction of financial wealth allocated to
stocks, conditional on stock market participation. Thedowanel shows the optimal participation level, which is
unconditional on having positive financial wealth, and tmgudes all the simulation paths. In case an agent has a
near zero financial wealth level (below $100), the optimatipigpation is set to zero. Agents learn about the equity
risk premium. Maximin preferences are used and the paraswte as in the benchmark case, unless stated otherwise.
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5.3 Labor income

In the benchmark calibration | assume that the agent rez@v&@ochastic income stream corre-
sponding to a high school graduate. Cocco, Gomes, and Mae(2@0D5) estimate the parameters
for the income process for high school graduates, as watidigiduals with no high school degree
or with a college degree. Figure 10a presents the optimetidraallocated to stocks, conditional
on participation, for agents who have an income correspntdi (1) no high school degree, (2)
a high school degree (benchmark), (3) a college degree Aradnigh school degree but no labor
income risk, while the other parameters are as in the benthoage. The deviation in optimal
stock allocation between a high school graduate and an agdgnnho high school degree stems
from a combination of factors. The transitory income riskigher for an agent with no high
school degree, but the permanent income risk componenitasi This results in a decrease in
the allocation to equity for an individual with no high schdegree, since he faces more risk. On
the one hand, the no high school graduate saves more dueh@tiex income risk, while on the
other hand, he saves less since he has a higher replacengerfoaaking these effects together,
an agent with no high school diploma has a slightly lowerlleweested in equity before retirement
(after retirement there is no labor income risk). Similaas@ening holds for college graduates. On
the one hand, the replacement rate is higher and the trangittome risk is lower, which induces
less savings and thus a higher fraction of financial wealttated to equity. On the other hand,
the permanent income risk is higher compared to an agentanlitigh school degree, which in-
creases savings and a lower fraction allocated to stocksd¢hese three effects together results
in a slightly higher allocation to stocks.

If an agent faces no labor income risk, he does not need tdeceebuffer against labor in-
come shocks to smooth consumption. The only incentive te &adue to the replacement rate
for retirement income, which is 68%. So the agent startsg@virom age 29 onwards to smooth
consumption. In the graph it seems that the participativel lis zero until age 36, but the opti-
mal participation is actually about 0.1%. The fraction obfigial wealth to human capital rises
until age 65, hence the optimal fraction allocated to stdaks. As before, the optimal fraction
increases after age 65, since the financial wealth is depfagter than human capital, due to the
additional discount factor, survival probabilities. THéeet of different labor income profiles on
the optimal participation levels (Panel 10b) stems fromdtfierence in savings motives, which
induces a difference in the fraction of agents which has dttvéavel above $100. Overall, the
results are robust for different stochastic labor inconoeesses. So when taking into account the
heterogeneity of agents with respect to labor income, thie firading hold: ambiguity about the
equity risk premium decreases the amount allocated to stdbstantially.
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Figure 10: Stock market participation and conditional dliton to stocks for varying income
levels.
| display the optimal conditional fraction of financial wdahllocated to stocks and optimal participation in the lstoc
market for agents who are (1) ambiguous about the equityprisknium and learn about the parameters and who are
(2) not ambiguous about the equity premium. The upper pdrels the fraction of financial wealth allocated to
stocks, conditional on stock market participation. Thedowanel shows the optimal participation level, which is
unconditional on having positive financial wealth, and tmgudes all the simulation paths. In case an agent has a
near zero financial wealth level (below $100), the optimatipigpation is set to zero. Agents learn about the equity
risk premium. The benchmark case is the income process figheskchool graduate (solid line). The dashed line is
for a college graduate, the solid-crossed line for an imldigl with no high school degree, and the solid-triangle line
for a deterministic income for a high school graduate. Thameters from Cocco, Gomes, and Maenhout (2005) are
used. For college graduateg = 5.84%, o2 = 1.69% and the replacement rate is 94%. For individuals with no high
school degrees? = 10.65%, 02 = 1.05% and the replacement rate is 89%. The agent who faces no labame
risk, receives a similar deterministic income profile as gerd with a high school degree, except that the income is
riskless. Maximin preferences are used and the parameteas an the benchmark case, unless stated otherwise.
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5.4 Can risk aversion substitute for ambiguity aversion?

This paper shows that ambiguity about the equity risk prem@an help solve the participation
puzzle and explain the low fraction of financial wealth afited to stocks over the life cycle. In
this section | show that similar findings cannot be obtaingddsuming higher risk aversion. The
results are presented in Figure 11. First of all, risk awer$ias almost no influence on optimal
participation levels while ambiguity aversion has a lang#uence. The participation levels are
only influenced by the worst case belief about the equity pigmium, and risk aversion has no
influence on this. Higher risk aversion actually increasasigipation, since it increases precau-
tionary savings. When risk aversion is 15 and agents arembigaiity averse, the optimal fraction
until age 65 is similar for the baseline risk aversigns 5, and ambiguity aversion. After age 65,
the difference is substantial. Hence risk aversion doeactats a substitute for ambiguity aversion
and | do not obtain the same results via increasing risk arecompared to including ambiguity
aversion. The reason is that, unlike ambiguity aversi@k, aversion increases the precautionary
savings level to build up a buffer against labor income ngkich decreases the optimal fraction
of financial wealth allocated to equity.

6 Conclusion

In this paper | develop a realistically calibrated life-ymodel with ambiguity aversion and learn-
ing to explore the impact of ambiguity about the equity riskrmpium on optimal portfolio allo-
cations. | compare the model predictions with data from thev&y of Consumer Finances. Two
important empirical facts are matched, the low particgratievels in the stock market over the
life cycle and the low fraction of financial wealth allocatedequity, conditional on participation.
Furthermore, with this structural model | can disentangje, &ohort, and time effects in the eq-
uity allocation over the life cycle. Age effects arise duainbiguity, learning, labor income, and
a shortening horizon. | assume cohort effects can be idethtiia learning, because agents of
the same age born in different years have seen differerit sébarns during their lifetime. Time
effects are added to the model in the form of decreasing feesstbe past decades. The empir-
ical cross sectional allocation to stocks in 2007, 1998, E9fD are compared to the predictions
from the life-cycle model, which are calculated separatety2007, 1998, and 1989, taking into
account age, cohort, and time effects. The match is vergdfahort effects are assumed to be
zero. Both the participation level and the conditionalfi@tin these three years differs maximally
25%, comparing the match for all ages. The paper closesispéper is Gomes and Michaelides
(2005) who find an optimal fraction allocated to stocks of @in100% when young, which is
about 60% higher than the empirical fraction in stocks in72200
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Figure 11: Allocation to stocks; can risk aversion subgifor ambiguity aversion

| display the optimal conditional fraction of financial wdahllocated to stocks and optimal participation in the lstoc
market for agents who are (1) ambiguous about the equityprisknium and learn about the parameters and who are
(2) not ambiguous about the equity premium. The upper pdrels the fraction of financial wealth allocated to
stocks, conditional on stock market participation. Thedowanel shows the optimal participation level, which is
unconditional on having positive financial wealth, and tmgudes all the simulation paths. In case an agent has a
near zero financial wealth level (below $100), the optimatipigpation is set to zero. Agents learn about the equity
risk premium. Maximin preferences are used and the paraswte as in the benchmark case, unless stated otherwise.
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A Numerical method to solve the life-cycle model with ambi-
guity aversion

A.1 Short summary life-cycle problem with smooth ambiguitypreferences

The investor solves the following Bellman equation at time T’

Vi(Wy, Yy, AP) = maxu(C,) +

wt,Cy

5Pt+1¢_1 < {o (E? {Vt+1(Wt+1,Kt+1> )\tB+1)})}) ) (24)

A¢

whereC} is consumption. Agents employ an uncertainty aversiontfan@. The exogenous state
variables are incomeY{) and the mean of the belief about the expected equity prenfidth
Wealth () is an endogenous state variable. At tiffiehe investor consumes all wealth, hence
the value function equals:

VoW, Y, AB) = u(Wy). (25)

The dynamics of financial wealth are given by
Wip1 = (W, — G+ V) (1 + RS + wi(Riyy — RY)). (26)
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| assume a constant relative risk aversion utility funct{@RRA) and a constant absolute
ambiguity aversion utility function (CAAA):

C
u(Cy) = 1—~ (27)
¢(x) = — exp(—azx). (28)

The individual faces a number of constraints on the consiam@nd investment decisions.
First, | assume that the agent faces borrowing and shas salnstraints

wy > 0and/w, < 1. (29)
Second, | impose that the investor is liquidity constrained
C, < Wi, (30)

which implies that the individual cannot borrow againsufetincome to increase consumption
today.

The timing is as follows, first an individual receives hisonte, after which he consumes.
Subsequently he invests the remaining wealth, either iityequa riskless asset.

A.2 Beliefs about the mean return on equity

The agent has beliefs about the equity risk premium and thenroé his beliefs is\? and the
standard deviation of his belief about the equity risk premisc?. | limit the set of beliefs that
the agent thinks are viable to be bounded by a 95% confidetes/@h Hence the beliefs on the
possible mean equity return lies in the rang@gf—207; A\Z +257]. | make a grid for the possible
mean stock returns by dividing the confidence intervakiequal probability areas. Subsequently
| calculate the average of the outer bound of each area selyaaiad the probability that the agent
attaches to this expected stock retur i .

A.3 The first order conditions - smooth recursive preference

In periodT" the optimal policies are easily determined. Namely the agensumes the entire
wealth level and no optimal investment strategy need to kdemia all other time periods optimal
decisions on consumption and investment are calculatedtting the first order conditions equal
to zero. The optimization problem is solved via dynamic pangming and | proceed backwards.
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| define the portfolio return as:
Ry =1+ R+ (R — RNy, (31)
Furthermore | denote the wealth level after income and aopsion as:
A=W+ Y, — C. (32)

Consider that the agent is at timeafter having consumed;, and he/she has to chooseso
as to maximize the bellman equation. The first-order coowlivith respect tav, for this problem
is.

o, 1
hue = o () ¢
[ ¢ @ oz { w0 v - Gy - m |,
At t+1
where
= [ 40 BN Vi W) D)} (34)
So similar but written differently:
a‘/;f —1y\/ A
8—11)t = Bpia(d ) ( N {¢ (Et {Vt+1(Wt+1)})}) (35)

[ {# @ v B { e v - oo - a0} |

The first order condition with respect €& equals:

oV,

8—C't = Ct_’y - 5pt+1(¢_1)/ (

16 (B (Vi (Wes)}) }) (36)

[ {# @ v B { 0 R i - R .

A¢

Next | take the total derivative with respectitig

oV,
oW,

— Bpn(s) ( (o) {m+1<wt+1>})}) @7)

J{# @ wmon e {0 R - R
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Substitute equation (36) into equation (37)

oV,

_ -
ow, Ci (38)
8‘/134-1 o —
8Wt+1 - C’t—i—l . (39)

Substitute equation (39) into equation (35) to obtain trst éirder condition for the asset allocation:

2—1‘2 = Bpt+1(¢_1)/< At{(b (E} {Vt+1(Wt+1)})}) (40)

/A {¢/ (B} {Vir (Wi1)}) B} { Oy (Res — RT) }}

To solve for the optimal consumption, substitute equat8®) (nto equation (36) to get the follow-
ing first order condition

o = mlw—ly( w(Ei{wH(WM)})}) (41)

Ay

{¢/ (B} {Vied(We)}) B} {Cr 7 (1 + RY + wi(Rypr — RT))}}
Ay

In addition | use:

67 = () (42)
(671 = ;—yl (43)
¢ = aexp(—axr). (44)

A.4 Optimization procedure for the optimal asset weights - swooth recur-
sive preferences

Due to the complexity of the model it cannot be solved anedjtly. Instead | use numerical
optimization techniques to solve the problem. In this sectiwill explain this procedure, which
combines the methods of Brandt, Goyal, Santa-Clara, amdi&{2005) and Carroll (2006), with
several extensions added by Koijen, Nijman, and Werker@(Brandt, Goyal, Santa-Clara, and
Stroud (2005) propose to approximate the conditional egpieas by regressing the realizations of
the Euler conditions on a polynomial expansion of the statebles. All state variables except for
wealth can be simulated, since only financial wealth is eedogs. To deal with this endogenous
state variable | follow Carroll (2006) who proposes a gricdMealthafter consumptionA;, instead
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of a grid for wealth,JV;. This choice allows us to solve the Euler conditions anedyly instead
of numerically and | form a M-dimensional grid for wealthexftonsumption. Additionally, | use
extensions by Koijen, Nijman, and Werker (2010) to increseoptimization speed. | construct
H test portfolios and let the weight invested in the riskyeasgn from 0% to +100%, with steps of
5%, hence H is 21. The return on the test portfolios is defirselij%/. Furthermore we simulate
N trajectories of T periods for every state variable

The problem is solved via backwards recursion and to soleegitimal policies at time, |
have available the endogenous wealth grid at timrd and the optimal consumption at time- 1.

First | need to determine the two conditional expectationsguation (40):

B} {Cr 3 (R — RY) (45)
E} {Vier (Wisa)} (46)

The conditional expectation in equation (45) is straightird to calculate. | have the optimal
consumption at perioti+ 1, since | solve via backwards recursion. To obtain, | interpolate
linearly to make sure it is the optimal consumption nextgethat belongs to the grid point for af-
ter consumption wealth at timeA,. | approximate the conditional expectation with a polynaimi
expansions in the state variables:

E} {Cr (Ripa — RY) Y =~ pf (Y, AD). (47)

This is done for each simulation path and MxK grid points.

The second conditional expectation (46) requires some stefs. The goal is to determine
the realizations o/, regress these on the state variables at tini@ obtain the conditional
expectation. The value function at time- 1 is

Vier = u(Car) + Bpisad™ ( | o {m+2<wt+z,w:+2>})}) SN

i1
A star x denotes the optimal policies which | already calculated.aiAd use interpolation to
obtain the intermediate consumption levels. FurthermareddV,,, which belongs to the grid
points for after consumption wealth at timeand not the grid point at timee+ 1, so similarly | use
interpolation. The value of the Bellman equation at tilme 2, V;,», is saved at the end of every
time period since | solve via backwards recursion. As bt'-;ftmrabtainIE?jjl1 (Vo) | regressV; o
on the state variables at time- 1. Note that when determining the optimal policies at tifhe 1,
Vryr = 0andVy = u(Wr).

Agents are uncertain about the equity risk premium hencepiienization problem requires
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several additional steps. Namely in this sefyp; (V;.2) is random. The beliefs are distributed in
such a way that there isla K probability that the true equity risk premium lies between of the
grid points for the equity premium. Hence to calculég%\m{gb <E?jj11 {Viga (Wi, w§+2)}) }),
| need to take the (weighted) average‘;ba}?ffﬁ1 (Vi12) over the grid of beliefs about the equity risk
premium. Next | plug all these calculated numbers is equnad®). Following Brandt, Goyal,
Santa-Clara, and Stroud (2005) | regress the realizatibtteedEuler condition ;.1 (;,1)) on
the state variables to obtain the conditional expectatigfy;. (Wi, 1)}.

Recall the first order condition for the optimal asset wesght

oV,

G, = Prn(07) ( o (E? {Vt+1<Wt+1>})}) (49)

[ (B0 Wi} B O (s = B}

Note that the steps to calculate the underlined parts offhat®ns are already explaineg {V;, 1 (W1)}
is a NxMxKxH matrix and | plug these numbers in the ambiguigraion functiony. Subse-
guently the weighted average is taken and the K-dimensitdat. Analogue the entire equa-
tion (49) is calculated.

Following Koijen, Nijman, and Werker (2010) the optimal eisseights are determined in two
steps. First | approximate the conditional expectatiomwaipolynomial state variables.

Bprpa (o) ( {o (E; {Vt+1(Wt+1)})})/A {¢' (B} {Verr(Wirn)}) B} CET (Ripa — RD) }}
=PI AP) 0)

Subsequently the projection coefficienisare parameterized in the asset weights. | let the projec-
tion coefficients depend on the "test” asset weighys\Which | previously made a H-dimensional
grid over. Hence for every simulated path | calculate H testfplio returns. Sincey is a smooth
function of the asset weights | can obtain:

p(r) = Wg(z), (51)

where g(x) is a polynomial expansion in the asset weightss ifhplies that the conditional ex-
pectation of the Euler condition is approximated via

ﬁpt+1(¢‘1)’< A{sb(E?{mH(WtH)})}) [ (B Vies W)} B G (e — R}
— V(Y AP). (52)
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A polynomial expansion of order one is sufficient for thisedycle problem, hence for every
simulation path | solve:

w

0= ( b ) V(Y AP oP), (53)

which can be solved analytically, taking into account thefptio constraints.

A.5 Optimization procedure for the optimal consumption - snooth recur-
sive preferences

The derivative of the value function with respectipis equal to:

O = Bpaloy ( [ (o & {v;H(Wm)})}) (54)

A {¢" (B {Visr (Wi)}) BN CET (1 + R+ wf(Riyy — R} }

The timing is as follows, first the agent consumes and afteftsvihe investment is made, so be-
cause | solve this problem via backward recursion | alreadyd the optimal asset weights at time
t, hence I haver/’",. | proceed as before, first | calculate the inner conditiemalectations, if nec-
essary plug them into the appropriate functions, take thghted averages to get the K-dimension
out, and finally plug parts of the calculations into otherdiions. The optimal consumption strat-
egy then follows analytically.

Note however that the conditional expectatith{ C; (1 + R’ + w;(R;+1 — R'))} needs to
be strictly positive, otherwise the optimal consumptiofi & negative. Hence following Koijen,
Nijman, and Werker (2010) | approximate the logarithm o$ ttwnditional expectation:

EMCr(1+ R+ w) (R — R))} =~
exp(po + ' f(Yi, AD)). (55)

After all these steps | obtain the optimal consumption amgsiment decisions at all (N x
M) grid points at each point in time. Finally | start from thatial states and simulate forward.
Depending on the realized wealth levels at each time petluel §ndogenous state variable), |
use the corresponding optimal investment and consumptiategies. This results in the optimal
policies for every simulation path.
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A.6 Short summary life-cycle problem with maximin preferences

Investors preferences are described by maximin expectiy, which in effect means that the
agent maximizes his utility with respect to the worst cadeebelhe agent is uncertain about the
equity risk premium. | solve the following Bellman equation

Vi = g}igf f\félAn [U(Ct) + 5pt+1Et/\{Vt+1(Wt+1)}] , with (56)
o

u(Cy) = 1 t_y- (57)

(58)

As described above | restrict the domain of beliefs aboutetigty risk premium to lie between
[(AB —20B, AP +20F]. This is necessary to put a bound on the worst case beliethwibuld else
be minus infinity since the beliefs are normally distributed

A.7 The first order conditions - maximin preferences
In each period | find the optimal asset weights by setting tisedrder condition equal to zero
E(Cr (R — RT) =0, (59)

where)"™ is the lowest equity premium in,. Cy,, denotes the optimal real consumption level.
The optimal consumption follows from

Cr 7 = Bpen BN (CrREY) (60)

A.8 Optimization procedure for the optimal asset weights ad consumption
- maximin preferences

As described in Section A.4 and A.5, | calculate the realratf the Euler condition and regress
these on a polynomial expansion in the state variables toroAh approximation of the conditional
expectation of the Euler condition

AP (CE (R — RT)) = 0 F (¥ AP). (D

In addition | employ a further extension, introduced in koij Nijman, and Werker (2010). They
found that the regression coefficieptare smooth functions of the asset weights and, consequently
| approximate the regression coefficieptBy projecting them further on polynomial expansion in
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the asset weights:
p(x) ~ Vg(z). (62)

The Euler condition must be set to zero to find the optimaltasegghts:
FY, A7) ¥g(w) = 0. (63)

Similarly, | approximate the Euler condition for optimalrgumption via regressing the real-
ization of the Euler conditions on a polynomial expansiothia state variables.

B Survey of Consumer Finances and allocation to stocks

The Survey of Consumer Finances is a triennial survey on tiaadial assets of the household.
It provides information on assets on the balance sheetj@e)sncome, and demographics of
the household. Participation in the survey in strictly vaary and about 4500 families are inter-
viewed. It is a repeated cross-section and only the year3 ttOB989 are partly a panel study. The
median length of an interview is about 75 minutes, but amuees with a family with complex
finances can take up to several hours. High income houseads/er-sampled to measure asset
holdings more accurately, since wealth in the US is highlycemtrated among a relatively small
number of households. About two thirds of the sample, 30@&&bolds, is drawn from a national
area probability sample which represents the entire ptipula The remaining one third, 1500
households, is drawn from tax records to get the list of higioime households. Weights are used
to account for both nonresponse and the difference betweemitial sample design and to the
actual distribution of population characteristics. In tiase of missing data, multiple imputation is
used to solve this problem.

Financial wealth (FIN) is the sum of liquid assets (checksayings, money market, and call
accounts), certificates of deposit, directly held mutuatfs; stocks, bonds, quasi-liquid retirement
accounts which consists of IRAs/Keoghs, thrift accounts, fature pensions, savings bonds, cash
value of whole life insurance, other managed assets (fraatwuities, and managed investment
accounts), and other financial assets (loans from the holcsehsomeone else, future proceeds,
royalties, futures, non-public stock, deferred compeaasabil/gas/mineral investment). The part
of financial assets invested in stocks (EQUITY) consistdrefatly held stock, stock mutual funds,
and retirement assets invested in stocks. | follow the Supé€onsumer Finances in calculating
this. The stock investment includes the entire directhdlsbck, entire stock mutual funds, half
of the value of the combination mutual funds, and the fractibthe value of IRAs/Keoghs that is
invested in stocks. Similarly the fraction of the value di@tmanaged assets invested in stocks is
added and the part of the value of the thrift account thatiagated to stocks.
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The fraction of agents participating in the stock marketesednined by calculating which
weighted fraction in the total sample has a stock investriager than zero. Furthermore the
conditional allocation to equity is the fraction allocatedstocks, conditional on participation in
the stock market. Note that | use weights to calculate théggaation rate and the conditional
allocation to stocks to adjust for nonresponse and the goiaigrobability design of the survey.

47



