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l. Introduction

Portfolio construction is an important economicktésr individual investors
and money managers. Modern portfolio theory, dabiagk to the seminal work of
Markowitz (1952, 1959), says that an investor sthagtimize her portfolio’s return-
risk-exposure trade-off by carefully spreading bat scarce resources over various
assets. Unfortunately, this task is generally gaé&nanding, as infinitely many
possible combinations have to be considered. litiaddthe investor has to consider
not only the individual assets but also the siaibbssociation between them. Indeed,
psychological work by Tversky and Kahneman (19&ijmon (1955, 1979), Payne,
Bettman and Johnson (1992), and many others s@gtpedtthe portfolio choice task
may be too complex for decision makers to perfoamd decision makers adopt
various kinds of simplifying diversification heutiss in practice, as first shown by
Simonson (1990) and Read and Loewenstein (1995).

The choices of participants in defined contribatgension plans are a case in
point, as shown among others by Benartzi and TH&€r 2001) and Huberman and
Jiang (HJ; 2006). When the number of funds offef@dis relatively small, plan
participants seem to employ a naive diversificatstrategy of investing an equal
fraction (1h) in all funds offered in the planThus, the number of funds chosen
increases as the number of funds offered incremseéshe fraction invested in equity
increases as the fraction of equity funds offeredrdases. This behavior seems
suboptimal, because the framing of the investmawblpm does not alter the
participant’s optimal fund allocation. Furthermowehen the number of funds offered
becomes larger, participants seem to apply tmerdle to a subset of the funds
offered. For example, in the HJ study, the mediamlmer of funds chosen is three,
compared with a median number of funds offered3sf BJ refer to this phenomenon
as the “conditional Wdiversification heuristic.”

! This bias towards an equal distribution over thespnted alternatives is also
documented for many other economic decisions (seeafRd Clemen (2005), Fox,

Ratner and Lieb (2005), and Sonnemann, Cameregdraand Fox (2008)).

2 Similar results are found by Friend and Blume &)97Goetzmann and Kumar
(2005) and Polkovnichenko (2005) for individualatgortfolio holdings. They show

that the median number of stocks held in a podfisitwo to three.



In this paper, we shed more light on the nature@pttnality of the portfolio
construction decision and the use of diversificatioeuristics. One compelling
explanation for the conditional ri/heuristic is that decision makers frame their
investment decisions narrowly and assign too muakight to the marginal
distribution of the outcomes of the individual ot®ialternatives.They may exclude
the alternatives that are unattractive (that isy tfield small potential gains and large
potential losses) when held in isolation, withoullyf accounting for their possible
diversification benefits. Decision makers may trepply the 1/n heuristic to the
remaining alternatives, possibly because the ranmeilternatives look very similar.

This explanation is reminiscent of the “EliminatiBy-Aspects” (EBA)
theory (Tversky (1972)), which says that decisioakers compare alternatives on
their most salient or desirable features, and elt@ alternatives that fall short on
these aspects. Payne (1976) and Payne, Bettmanla@mtson (1993) find that
decision makers may use simple strategies sucheaEBA to reduce the choice set
before applying a more complex, trade-off strategthe remaining alternatives. The
explanation is also consistent with the findingKobll, Levy and Rapoport (1988),
Kroll and Levy (1992), and Dorn and Huberman (20@0jo show that decision
makers are largely insensitive to statistical as¢imn between investment
alternatives. In addition, the explanation alignthwhe Behavioral Portfolio Theory
(BPT) of Shefrin and Statman (2000). BPT says éinahvestor does not consider her
investments as one integrated portfolio but ratdeer collection of narrowly framed
sub-portfolios, each based on a separate riskrrétade-off that ignores the statistical
association between the various sub-portfolios.

The conditional T heuristic can have substantial practical consecpgerf-or
example, for pension plans, this behavior may [gaticipants to focus on a subset of
funds in the same, “attractive” asset class. Ia thgpect, financial advisors stressing

the benefits of diversification between asset easd plans including mixed-funds

3 Although we use the term narrow framing, othemtefor this behavior are used in
the literature as well. For example, Thaler (19B8)9) speaks of mental accounting,
and Read, Loewenstein and Rabin (1999) speak odwdracketing. The relevance
of narrow framing for describing investment deairsias shown by Barberis, Huang
and Thaler (2006), and the tendency to frame imvest decisions narrowly seems
especially pronounced for household investors Kagear and Lim (2008)).



could help improve pension investment. At the lesethe aggregate capital market,
Barberis and Huang (2001) show that a number obrfalous” asset pricing patterns
naturally emerge if investors care about fluctusion individual stocks instead of
fluctuations in their total portfolios.

Important challenges arise when analyzing realufif@stment portfolios. The
researcher needs to know (among other things)ntresior’s risk preferences, which
assets she considers, and the expectations shabbasthese assets, most of which
are generally hard to measure or control. To ovaecthis joint hypothesis problem,
we use a controlled experiment among financiallyll-ivained subjects. The
experiment employs incentive-compatible payoffs dwarage a subject earns roughly
€50 ($75)) to ensure that subjects’ decisions haubstantial consequences.
Moreover, the experiment avoids the situation whbee subject adopts l@euristic
because the choice alternatives are not suffigiedifferent or to diversify away
estimation or ambiguity risk.

This is how our experiment works. Subjects are e with five sets of
assets and asked to form a portfolio from each Betavoid specific assumptions
about the nature of the subject’s risk prefereneasl, at the same time gauge the
optimality of choices, we analyze the optimality tbE chosen portfolios using the
criterion of first-order stochastic dominance (FSDhis criterion only requires that
the decision maker prefers more over less. FSDmsnanal requirement for rational
behavior in expected utility theory and many nopeapted utility theories, such as
cumulative prospect theory (Tversky and Kahnema®9Z)) and disappointment
aversion theory (Gul (1991)). In fact, FSD violatsomay be regarded as errors rather
than genuine expression of preferences (see Tveaskly Kahneman (1986), and
Charness, Karni and Levin (2007)). Using the ndA&D portfolio efficiency tests of
Kuosmanen (2004) (see also Kopa and Post (200@));am directly test if a given
allocation is rational without knowing the precisek preferences of the subject. To
control for expectations and assets considered, tananinimize the cognitive
complexity of the portfolio construction problemewse a series of well-defined and
simple tasks. In these tasks, subjects have taalitheir money between a small
number of assets, or “lotteries”, with a small n@miof equally likely states with
known outcomes. One of the lotteries is very uaative when held in isolation, but
very attractive for diversification purposes dueategative statistical association

with the other lotteries. Another lottery is mor#ractive in isolation, but very



unattractive for diversification purposes. In fatte inclusion of this lottery in one’s
portfolio will lead to substantial violations of BSportfolio efficiency. These lotteries
are included to test the hypothesis that decisi@kars overweight the marginal
distribution and underweight the features of thetjdistribution.

The use of the FSD portfolio efficiency criterioa an innovation in this
literature. This criterion has several advantage€kperimental research; it places no
restrictions on risk attitudes (it even allows fask seeking); it is invariant to
subjective distortions of cumulated probabilities)d it is invariant to the initial
wealth level (and hence not affected by “endowmsfifgcts”). In contrast to our
approach, previous experiments analyzing diveedifim behavior either (i) design
the choice problems such that only one efficietd@rahtive exists (Rubinstein (2002)),
(ii) test if the partition of the choice set affeadecisions (Langer and Fox (2004)),
without investigating the efficiency of the decissp or (iii) test the efficiency of
subject’s portfolio choices using the mean-variarare second-order stochastic
dominance (SSD) criterion (Kroll, Levy and Rapopd®88), Kroll and Levy (1992),
and Levy, Levy and Alisof (2004%).

We stress that testing optimality is not our endilgdiven the limited
computational ability of the human mind, and thenegal complexity of the
diversification task, it may not be reasonable xpeet completely rational choice to
begin with, even for our relatively simple tasksatler, our objective is to detect
patterns in the deviations from optimality in indival portfolio construction
decisions, to explain these patterns and to analyzeeffect of the framing of the
diversification problem.

Our findings are as follows. A large majority ofr@ubjects focus on a subset
of the lotteries, where the subsets chosen areistens with the idea that investors

focus on the marginal distribution of the indivitlgaoice alternatives. The subjects

* Kroll, Levy and Rapoport (1988) and Kroll and Le{#992) study experimentally
the second-order stochastic dominance (SSD) effigieof portfolio choices when

diversifying between three possible risky assett) different degrees of correlation,
and between three risky assets and one riskless aksvy, Levy and Alisof (2004)

experimentally test the SSD efficiency of portfatimoices when diversifying between
one of five to nine possible risky mutual funds aamdiskless fund, in order to
investigate the homemade leverage decision.



exclude the lotteries that are unattractive wheid he isolation, without fully
accounting for their possible diversification betsef Subsequently, many subjects
tend to select an equal-weighted combination of rdm@aining lotteries, and this
conditional 1A heuristic is applied even if it is highly irratianin terms of FSD
portfolio inefficiency. By contrast, only a few gabts select an even allocation across
all lotteries, contradicting the unconditionahXule. Consistent with this heuristic
behavior, we find that framing has a substantill@nce on portfolio construction
decisions (similar to the findings of Langer andkK2004), and Benartzi, Peleg and
Thaler (2007)). Emphasizing the diversification &is rather than the marginal
distribution of the individual choice alternativiesproves the decisions considerably.
In other words, subjects don’t fully appreciate dfiect of diversification unless these
effects are clearly pointed out to them. Moreowading irrelevant alternatives
influences portfolio decisions, further suggestihgt problem presentation has an
important effect on individual portfolio decisions.

The remainder of this study is structured as folo®ection Il discusses the
experimental design and implementation. Sectiondidlcusses our results. Finally,

Section IV presents our conclusions.

[I. Experimental Design

A. Lotteries
Our experiment consists of five main tasks (Ta$l,leach of which contains

three or four out of six base lotterid{Bs), as shown in Table 1.

[Insert Table 1 about here]

Several remarks are in order to explain our resedesign. First, to limit the
cognitive complexity of the choice problems, weuswn a small number of base
lotteries and a small number of scenarios. Speadificthe first three tasks use three
base lotteriesX;, X, andXz) with a payoff in three possible scenarig & andSs).
Three is the minimum number of lotteries neededdistinguish between the

unconditional version of the d/rule (which yields an even allocation across three



base lotteries) and the conditional version (wlields an even allocation across two
base lotteries). We need at least three scenari@vdid perfect linear dependence
between the lotteries. The remaining two tasks @us redundant lotteryxg) to the
three main base lotteries, allowing us to inveséidhe framing effects caused by the
addition of irrelevant alternatives.

Second, the subjects may diversify between theethibase lotteries.
Obviously, this substantially increases the comipjeaf the problem, because there
are infinitely many combinations. To limit this cpfaxity we focus on the convex
hull of the base lotteries, or the case where afllvex combinations of the base

lotteries allowed:

(1) W:{ W, W, )iwj =Lw; 20] =],2,3}

=

with w1, wp, andws; for the weights assigned %, X, and X3z respectively. In this
setup, negative positions are not allowed (no shales), the weights must sum to
unity (no riskless alternative) and no further metibns are placed on the weights.
Short sales possibilities and the availability of riskless alternative would
substantially increase the complexity and cognibiueden of the choice problem, and
are therefore not permitted in our experiment.

Third, to further limit the computational complexidf the diversification task

we use equal and moderate probabilities; dbr every scenario. This approach also

helps to reduce the possible effects of probabdistortion, but it need not fully
eliminate these effects. For example, Cumulativespect Theory with the functional
specification and parameter values of Tversky aalliéman (1992) predicts that the

lowest (negative) outcome of each lottery is trarmmsed from< to 0.35, the middle

(positive) outcome to 0.18 and the highest (posjtautcome to 0.34. Importantly, the
FSD rule is invariant to subjective transformatafrthe cumulative probabilities and
our inferences based on this criterion are notlhjike be affected by probability
distortion.

Fourth, to ensure that the experiments resembldiieanvestment choices,
all base lotteries are “mixed gambles” that invabath gains and losses. Further, no

combination of the base lotteries yields only gaimsthis way we hope to avoid



situations in which subjects take more risk, beeahgy have no possibility to lose
money — the “house-money effect.” This possibledfis consistent with our use of
the FSD criterion (which places no restrictionsrisi attitudes), but it would reduce
the propensity to diversify and hence lower the @oaf our experiments.

Fifth, a subject may use thenltle or conditional Xf rule simply because the
choice alternatives are not sufficiently differgmten her preferences. For example, a
risk-neutral subject will be indifferent betweenteahatives that yield the same
average outcome, irrespective of possible diffegsnm the distribution of the
outcomes. To ensure that the allocations have stautial effect on the probability
distribution of the outcomes, and the FSD critet@s discriminating power, the base
lotteries are constructed in such a way that thdyib& significant differences in

mean, dispersion and ranking of the outcomes iarord

B. Tasks

In Task 1, whereXy, X,, X3) = (B1, B2, Bg), Lottery B; has an unfavorable
marginal distribution; it is FSD-dominated By since it involves a lower minimum (-
75 vs. -50), the same median (+25) and a lower maxi (+50 vs. +125). Alsds
has limited value as a diversifier to risk avertdyscause it has a strong positive
statistical association with lotteri®s andB,.

In Task 2, whereX;, Xz, X3) = (B1, B, Bs), B3 is replaced wittB4, which plays
an important role in the experimenty B in fact a permutation d3; and these two
lotteries have the same marginal distribution. HeBg is again FSD-dominated by
B; when held in isolation. StillBs should be of interest to risk averters, because in
contrast tdBs it has a negative statistical association witheli¢tsB; andB,, yielding
possible diversification benefits. InterestingBs is FSD dominated by the simple
combination of investing 75 percentBa and 25 percent iB4, because it involves the
same minimum (-25) and median (0), but a higher imam (+100 vs. +75)
Furthermore, every combination that contains a tpesiallocation toB, is FSD
dominated by some combination & and Bs;. Subjects focusing only on the
alternatives with attractive marginal distributiorere likely to oversee the
diversification benefits 0B, and make inefficient choices.

In Task 3, whereX;, X;, X3) = (B, By, Bs), B4 is replaced witlBs, the equal-

weighted average @ andBy, that is, B, = £ B, +1 B,. This merely cosmetic change



reduces the choice set by excluding implied aliooat to B, greater than td3,
“hides” the unfavorable marginal distribution oBs, and emphasizes the
diversification benefits from combining, andBs. In fact, Bs has the same marginal
distribution asB,, but it offers greater diversification possibési due to the negative
statistical association with;.

In Task 4 and Task 5, we reframe the portfolio tmmsion problem by adding
one simple, but irrelevant alternative to earlasks. In Task 4, wher&{, Xz, X3, X4)
= (B1, By, By, Bg), we addBg, an equal weighted combination Bf and B, (that
is,Bs =4 B, +1B,), to Task 2. In Task 5, wher¥( Xo, X3, X4) = (B1, B2, Bs, Bg), we

add Bg to Task 3. These additions do not alter the cheeeand formal choice

problem, and should have no influence on choices.

C. FSD Portfolio Efficiency Test

We analyze each subject’s choices using the witesf First-order Stochastic
Dominance (FSD) efficiency. A typical problem inuggng the outcomes of choice
experiments (as well as real-life choices) is thatpreferences of the subjects are not
(fully) known or are constructed at the momentha# tdecision (Payne, Bettman and
Johnson (1992), and Slovic (1995)). This makedfiicdlt to establish if observed
diversification behavior is rational and to whatgoee. The criterion of FSD
circumvents this problem, because it does not recaiprecise specification of the

preferences of the decision maker and applies fdrrcad class of preferences.

® In addition, we presented four additional taskas@ 6 to Task 9) to the subjects.
These tasks test the effect of adding the irreleadternativeB;, an equal weighted

combination ofB; andBs (that is, B, = 1B, + B;), to Tasks 2 to 5. These additions

do not alter the efficient choice sets, althougmadighly inefficient allocations, as
compared to Task 3, with more weight assigne&tthan toB, are made possible.
The results of Task 6 to 9 reveal similar behavipedterns as we find in Task 2 to 5
(see next section). Subjects focus on the margingttibutions, thereby largely
ignoring diversification benefits, and divide theloney equally between the selected
alternatives. Moreover, emphasizing diversificatimnefits improves choices, while
adding irrelevant alternatives deteriorates choitegse tasks and results are omitted
here for the sake of brevity. More details are labde from the authors upon request.



According to the traditional definition, a choicdteanative with cumulative

distribution function F(x) FSD dominates another alternative with cumulative
distribution functionG x )if and only if F(x)< G(x) for all x with a strong inequality

for at least som&. Since FSD only requires that people prefer meer tess, it is a
minimal requirement for rational behavior, bothexpected utility theory and many
non-expected utility theories (for example CPT)sB&ptively, FSD also appears a
valid criterion, because subjects seldom selecl@nnative that is FSD dominated if
the dominance is easily detected, and FSD violatioay be regarded as errors rather
than genuine expression of preferences (Tversky Katineman (1986), and
Charness, Karni and Levin (2007)).

To analyze the FSD efficiency of choices we use réeently developed
Kuosmanen (2004) and Kopa and Post (2009) mathesmhagrogramming tests for
determining if a giverportfolio is FSD efficient relative to all possible portfudi
formed from a set of assétsA rational decision-maker has no preference for a
specific ranking of outcomes over the various statethe world ceteris paribus. For
example, a lottery that yields $100 when tailsdare and $0 when heads are due FSD
dominates a lottery that pays off $0 when tailsdue and $50 when heads are due.
This holds notwithstanding the opposite rankingbath lotteries within each state of
the world. More general, Lotter) dominates Lotteryy by FSD if and only if all
outcomes oK are larger than or equal to all outcomes of atlsame permutation of
Y. Therefore, the FSD portfolio efficiency tests leate not only the outcomes of the
chosen allocation, but also the outcomes of alinpgations of the chosen allocation.

When applied to our experiment, the FSD efficienegt statistic, or
“inefficiency score”, for a given allocatioryv, ,w,,w, ' is computed by solving the

following mixed integer linear programming problem:

3

3
2) M W, W, = max %ZZ @x WX |

{z; }1'3:11{ Ps }3,1:1 j=1i=1

® In our experiment, with only three scenarios, tilve tests are identical. There is,
however, a subtle difference between the two tdstmismanen asks if the given
portfolio is FSD non-dominated by all alternativerjbolios; Kopa and Post ask if the
given portfolio is optimal for any non-satiable @stor.



z,20 j=123

This problem seeks an allocatio(g ,z ,z, | with outcomes that are greater than or
equal to the outcomes of the chosen allocatiop,w, ,w, ' or some permutation of
those outcomes. The outcomes are denotedxpyz i and the permutation of the
outcomes is represented by the binary variakﬂgsﬁyjzl. The inefficiency score

6 w, \w, ,w, ' has the compelling interpretation of the maximuwsgible increase in

the mean outcome that can be achieved with a catbimthat FSD dominates the
evaluated combination. Thus, if the inefficiencyorgc takes a value of zero, the
evaluated combination is FSD efficient; if it takasstrictly positive value, the
combination is FSD inefficient.

To illustrate the working of the FSD portfolio efiency test in the context of
our experiment, consider a subject who excluBlefom her choice set and divides

her money evenly betwed) andB, that is, §,5,0 ), in Task 2. As shown in Table
2, a combination with} allocated toB; and ¢ to B, or £ 0, dominates this

combination. In Scenario$ and S, the outcomes remain -37.5 and +12.5,
respectively. However, i8;, the outcome increases from +100 to +112.5, |epttira

possible increase of the mean 8f 5 0 = 4¢ . Hence, a subject who applies the
conditional 1h rule to lotteriedB; andB; in Task 2 makes an FSD inefficient choice,

as she forgoes at lea$t in terms of mean outcome.

[Insert Table 2 about here]



A remark on computational complexity seems in oftere. Testing if a given
combination is FSD efficient requires the above edbnteger programming. In
addition, delineating the entire FSD efficient secomplicated by the fact that the
efficient set is often not convex; combining twolF&fficient combinations does not
always yield an FSD efficient combination. Thesenpbcations stem from the fact
that the subject’s preferences are not known toathmayst and that very diverse
preferences are admitted under the FSD rule. Tiseses complicate the testing of
FSD efficiency for the analyst, but for the indival subject this problem is less
relevant, because only her personal preference®lgneant for her decision and these
preferences are known to her. We do not claim that subject faces a simple
problem, but rather that she presumably doesn’lyaye FSD rule and restricts her
attention to her own preference rather than théreersiet of preferences that is
admitted by the FSD rule.

D. FSD Efficient Portfolios
Graph A of Figure 1 shows the inefficiency scorékg maximum possible
increase in the mean given risk”) for all feasibbenbinations ofv; andw, in Task 1.

The weightws is not shown, because it can be found as theualsig =1-w, —w, .

[Insert Figure 1 about here]

Despite the generality of the FSD criterion, thicefnt set (all combinations
with a zero inefficiency score) is only a small sebof the entire choice set. For this
task, the efficient set is given by:

@ W ={ @ x (wOfE dow, = 0w =1-w) 0w Ofotw, =1-wg;v =0}
In other words, investing 20 percent or mor®&jrand the remainder iBs, or,
alternatively, combiningB; and By, is efficient. Full investment iB; is clearly

efficient as it maximizes the expected pay-off. 8@ubjects should combiiBg with
B,, or even invest everything iB,, to reduce their downside risk. Other subjects

10



should combindB; with Bs to create more upside potential in scen&ioHowever,
Bs; has an unfavorable marginal distribution, with taegest loss, smallest gain, and
lowest expected value, and a large allocatio®4as non-optimal for any subject.
Indeed, the lowest inefficiency score is achievedhwiull allocation to Bs;

6 001 = 33%. Note thatB; is attractive for a very different preference slésanBs,

and mixing B, and Bs is non-optimal for every rational subject. Usinget
unconditional It heuristic of investing an even amount in eachradtiive ¢ 1,1 ' is
highly inefficient, with an inefficiency score of ¢ 3,5 =165.

In Task 2, Bz is replaced withB;, a simple permutation oBs. This
replacement has an important effect on the efficeet, since it introduces new
diversification benefits for risk averters. Graph d@ Figure 1 shows the FSD
inefficiency scores. We will denote the allocatiatmsen in Task 2 by, y, andys
for sake of comparability with later tasks. Speafiy, the efficient set in Graph B of

Figure 1 is given by:
(@) W, ={ 0. %, Y5 s O3 2 OIS ALy, =0,y =1y, - ¥,}

Allocating a non-zero percentageBgpnow is FSD inefficientB; andB,4 have
the same, unattractive marginal distribution and targest inefficiency score is
achieved with full allocation t®,; € 001 )=33;. Nevertheless, allocating a small
fraction (y, <2) or a large fraction {<y, <I) to B; and the remainder tB; is
efficient. Due to the negative statistical assoarabetweerB; andB,, a risk averse
subject should now miB; and B, rather thanB; and B,. Notably, the simple
combination of investing 75 percent By and 25 percent in Byields the same
outcomes aB;in S andS, and a better outcome 8 (+100 vs. +75). Full investment

in B, therefore yields an inefficiency score 6f010 =81 (or 50 percent of the

expected payoff of €16.67) in Task 2. Moreover,jasctis applying the conditional
diversification heuristic t@®;, andB; leave €4.17 § ¢ ,5 0 =43) on the table, and the

l2 1)
unconditional Iri rule yields an inefficiency score éf¢ %, =52 .

Graph C of Figure 1 shows the results for Taskn3his taskB, is replaced

with Bs, or the equal-weighted averageRifand By, that is, B, =3B, +1B,. This

11



purely cosmetic change reduces the choice set tiy@irg allocations to Bgreater
than the allocations tB;. Moreover, it “hides” the unfavorable marginaltdisution
of B4, while stressing the diversification benefits frammbiningB; and B, over B..
For the sake of comparability with Task 2 (GraplofBFigure 1), we will transform
the allocations chosen in Task 3 to their impliedk 2 weightsy, includes both the
direct allocation td; and half of the allocation #s. Thus, if$ is allocated td; and
2 toBs, we havey, =2.

Compared with Graph B of Figure 1, the most ine#fit alternatives, which
involve a relatively high allocation 8,4, are now eliminated. The inefficiency score

reaches its maximum at010' and ¢ 0,3 . Indeed,B, and Bs have the same

marginal distribution and hence full allocationae of these two lotteries yields the

same inefficiency scoref 010 =6 £ 0,2 =8%. However,Bs is more attractive for

diversification purposes, implying that all comiinas with a non-zero allocation to

B, are inefficient. In addition, large allocations Bg (y, >2) are also inefficient.

Specifically, the efficient set for Task 3 is given
(5) W ={ 035 s X VO Ay, =05y =1y, - v}

As before, the unconditional naive diversificatibauristic of investing an
even allocation in each alternatige1 ,1 ' is inefficient for every subject in Task 3,
with an inefficiency score of ¢ 1,1 =21.

In Task 4 (Task 5), we add the equal weighted caoatlmn ofB; andB, (that
is, By =3B, +$B,) to Task 2 (Task 3). These additions keep theiefit choice set

exactly the same, implying that Equation (4) (Egquat5)) gives the efficient set,
formulated in terms of implied Task 2 allocatioksr Task 4, the inefficiency scores
are shown in Graph B of Figure 1, while the valfggsTask 5 are shown in Graph C
of Figure 1. Similar to Task 2 (Task 3), allocasoto B, are inefficient in Task 4

(Task 5). In additionBs consist for 50 percent &, and positive allocations to this
lottery similarly result in inefficient allocations

E. Subjects and Procedures

12



In total, 107 third and fourth year undergradudtelents of economics and
financial economics participated. These studentse wecruited during advanced
courses on portfolio theory or financial economissthat stage of their studies, the
students have completed at least two basic counsgsitistics, microeconomics and
finance and thus were familiar with formal decisimaking, probabilistic calculus
and portfolio theory. In fact, a formal requiremeatparticipate in these courses is
that subjects successfully completed a course akdwatz portfolio theory.

The Appendix shows the format in which the tasksewmgresented to the
subjects (translated from Dutch to EngliSh)Answering the diversification
guestionnaire took the subjects on average rougidéyhour. The choices were filled
out on a paper form that could only be handed teradll tasks were completed.
Therefore, the choices of previous tasks remainadadble to the subjects during the
course of the experiment. In addition, all subjelsteught or received a pocket
calculator to help them in performing the necessatgulations.

The test form includes an example to illustrate abgective of the tasks, to
emphasize that the percentages should sum to I@@rpeand to illustrate how a
chosen allocation affects the distribution of gaamsl losses. To avoid unintended
anchoring effects, the percentages printed on efoeng were randomized. Further,
the test form shown in the Appendix uses a pasdrcatdering for the tasks, lotteries
and scenarios. To avoid any unintended orderingctsft(for instance, the subjects
focusing on the first lottery or losing concentoatiin the last task), the actual test
forms used randomized orderings. An unreportedofolip analysis reveals no
significant effects of the example percentagesherdrdering of the tasks, lotteries
and scenarios.

We use incentive-compatible payoffs. Specificalhg subjects were told that
one of the nine tasks is selected at random anegléor real money at the end of the
experiment. Each task is equally likely to be deléc This incentive scheme has
proven to be an effective tool in static decisipngblems like ours, since it avoids
income effects while the incentives in each tagkraot diluted by the probability of

payout (see Starmer and Sugden (1991), and C&dtmer and Sugden (1998)).

" The original experiment also included Task 6 tskr@; see Footnote 5. Since our
main text does not discuss the results of thess tése Appendix also excludes these
tasks for the sake of brevity.
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Since there is a possibility that subjects woukklononey we asked each subject to
bring €25 to the experiment. We explicitly strestieid possibility before the start of
the experiment, to make sure the subjects werg &lare of this. Also, to cover
possible losses, each subject received an atteedaacof €10 and received €15 for
participating in another 30 minute questionnairaclwhook place after the current
experiment, a similar procedure as in Ackert, ChatuDeaves and Kluger (2009).

After each subject completed her tasks, we hantlecbayments by calling
the subjects forward, asking them to put their hdoneught €25 on table and
throwing dices to determine their earnings. Herstdajects could only lose out-of-
pocket money if they were willing to take the rigkloosing more than €25 in an
individual task® The average subject took home roughly €5$76), which in our
view is a large amount and incentive for partidipgiin a one-and-a-half hour lasting
experiment.

In a preliminary experiment without choice-relat@netary incentives, we
found many errors of computation, suggesting that subjects paid less attention
without monetary rewards. In this experiment, witbnetary rewards, no-one opted
not to participate after reading the instructiomsde serious miscalculations or did
not fill in the amounts allocated to each lottdegving us with a final sample of 107
subjects. The experiment reported here actualljacep an earlier, similar experiment
in which some of the subjects were randomly setkd¢te play for real money —

“between-subject” rather than “within-subject” sglen. This incentive scheme was

8 A possible objection to this incentive schemehiat tit may stimulate subjects to
invest 100% inB, or Bs to avoid paying out-of-pocket money. The largessgible
loss in these lotteries is -€25 and can be paidh fitee €25 that the subjects earned by
participating in the experiment and questionnaliewever, the results in the next
section show that only few subjects invest 1009B4ror Bs. Hence, most subjects
deliberately expose themselves to substantial plessiut-of-pocket losses. More
importantly, our results are based on the FSD rmlach is invariant to endowments.
Notably, in Task 2 (Task 3B,is FSD-dominated by the relatively simple
combination of investing 75% iB; and 25% irB, (50% inB; and 50% irBs). These
strategies perform never worse thanand yield a €8.33 (or 50%) higher expected
payoff in both tasks. Hence, they are clearly siopdo investing 100% irB; for
subjects who want to avoid out-of-pocket losses.
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abandoned, because the perceived incentives mamaker than originally intended
(see Baltussen, Post, Van den Assem and Wakke®)YR@Encouragingly, the earlier

experiments lead to the same behavioral pattemh€@mclusions as reported here.

F. Statistical Procedure

Our experimental design involves a series of taslish of which replaces or
adds one (carefully designed) lottery at a timeerf\subject completes the same set
of tasks, presented in a randomized order and umdandomized payment scheme.
Therefore, our research design allows for pair-vasmparisons between the tasks
and the use of elementary statistical methods.

Part of our analysis will employ these pair-wisenparisons. For comparing
single proportions between two tasks (for examible,percentage of allocations that
are classified as FSD efficient) we will use a denpairedt-test for the difference in
population proportions. Reassuringly, similar résubre obtained when non-
parametric Wilcoxon signed-ranked or sign tests @sed. For comparing entire
allocations, which involves comparing multiple golib weights simultaneously, we
use Hotelling’s paired-squared test (see Hotelling (1947)). Section @.2.5 will
use these pair-wise comparisons between the tasks.

While pair-wise comparisons are valid in our expemt, more statistical
power can be obtained by pooling all tasks andgusinltivariate regression analysis
to jointly analyze the various effects in our expemt. Section 2.6 applies the

multivariate regression techniques to the pooladsid.

[1l. Results

Table 3 and Figure 2 summarize the chosen allataiio Task 1 to Task 5. In

what follows we elaborate on the results of eacthese tasks.

[Insert Table 3 about here]

A. Taskl
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Table 3 and Graph A of Figure 2 show the resultadk 1 (diversification
betweenB;, B, and B3). Many subjects allocate 100 percentBp(17.8 percent) or
100 percent t@, (28.0 percent). Another large group (38.3 percerixesB; with Bs.
Most subjects (84.1 percent) excluBe from their choice set. Apparentlfgs is
sufficiently unattractive for most subjects to exd# it from their portfolios. Most of
the inefficient choices arise due to mixiBg with both B, and B; rather than with
eitherB, or Bs. The overall efficiency percentage is high (85ebcent). Still, due to
the generality of the FSD criterion, the efficiesttoices may include non-optimal
choices. For example, the FSD test will alwayssifgghe maximizing of the mean
(choosingB; alone) as efficient, even if diversification is iopal for a given investor.

Only 0.9 percent of the subjects choose the eqe#givied allocation},+,+

and hence the unconditionahXule does not apply here. By contrast, the subjdot
exhibit a bias towards the equal-weighted averdd® andB,. Specifically, almost a
third (29.2 percent) of the 38.3 percent who Bixand B, (or 11.2 percent of all

respondents) choose the even aIIoca%cBi +% B, 2 However, due to this allocation

being FSD efficient, we cannot determine if thisatggy is irrational, and, if so, to
what extent. Overall, a substantial number of suibjdocus on two lotteries and
divide their money equally between these lottefl&s1 percent).

Task 2 and Task 3 shed further light on the opitynaf and the rationale
behind the observed portfolio decisions.

[Insert Figure 2 about here]

B. Task2

In the second task (see Table 3 and Graph B ofr&ig) Bs is replaced with
By, leading to X1, X2, X3) = (B1, By, Bs). SinceBy, in contrast tdBs, has a negative
statistical association witiB; and B,, this replacement leads to a substantial

improvement in the choice possibilities. Thus, waynexpect significant changes in

° Allocations are classified as “even allocation’tlie allocations to each selected

alternative fall within a range of 5% around theervallocation, that is,

‘Wi - (count {i:wi > O})_1 < 005 .
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the allocations. Surprisingly, many subjects seenoverlook the diversification
possibilities and they select inefficient portfaio

A relatively large group (15.0 percent) still alldes 100 percent ;. Since
this strategy maximizes the expected outcome, thisice remains efficient. In
contrast, only a relatively small group (9.3 petgerow allocates 100 percent B.
The average allocation & falls from 54.2 percent to 31.1 percent, while dverage
allocation toB; increases from 42.9 percent to 51.8 percent, tieguh significantly
different allocations between Task 1 and Task-2alue = 0.0000). Unlike in Task 1,
most subjects choose two or three alternativest(B@&rcent and 38.3 percent). It is
remarkable that most of the subjects who chooseaftesnatives still choose some
combination ofB; and B,, with no weight assigned t8, (18.7 percent of all
respondents). Since mixiry andB; is inferior to mixingB; andB,, these strategies
are now inefficient® Our interpretation for these findings is that tredatively
unfavorable marginal distribution &, leads many subjects to exclude this lottery
from the choice set, thereby ignoring its possithieersification benefits. In fact,
many subjects inefficiently exclud®, from their choice set (43.0 percent), while
most includeB, (66.4 percent), supporting this interpretation.

Apart from mixingB; andB; instead oB; andB,, the subjects also exhibit a
strong bias towards the equal-weighted averad® ahdB,. Overall, 49.7 percent of
the mixtures oB; andB, are evenly allocated. This is again is a stromiication for
a conditional version of therifule. However, the difference with Task 1 is ttiese
choices are demonstrably inefficient, as everycalion toB, yields an inefficient
choice in Task 2. More evidence for the populasityhe conditional I rule is given
by the substantial fraction (45.2 percent) of eaflocations among the subjects who
choose a combination d&; andB,. Of the subjects who invest in two funds, 47.5
percent (17.8 percent of all respondents) choosevan allocation and overall 17.8
percent of the subjects choose an equally weightldtation among two chosen
lotteries. By contrast, only 2.8 percent of thejsots seem to apply the unconditional
1/n heuristic.

This remarkable behavior results in roughly threarters of the subjects (78.5

percent) selecting an FSD inefficient allocatioecRll that the FSD criterion is very

9B, is FSD dominated by investing 75%Ba and 25% inB,, which yields a €8.33
(or 50%) higher expected value than
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general (it even allows for “exotic” patterns dflkiseeking behavior) and that the true
number of non-optimal choices may even be largan tieported here. Moreover, the
average inefficiency score is €3.76, meaning thatdverage subject leavasleast
€3.76, or 16.7 percent of the expected value, ertdhle. Given the generality of the
FSD rule and the relatively simple structure of éx@eriment, it is quite surprising
that such a large group can be classified as aieffi and make such economically
significant mistakes.

As mentioned before, one possible interpretatiortffiese findings is that the
relatively unfavorable marginal distribution of, Beads the subjects to exclude this

lottery from their choice set, thereby ignoringptsssible diversification benefits. The

outcomes of Task 3 (which repladgswith B5=% B, +%B4) in Graph C of Figure 2

further support this interpretation. To interpreta@gh C of Figure 2, recall thay,

includes both the direct allocation tB; and half of the allocation tdBs

=3B +3By).

C. Task3

As explained in Section 1.4, Task 3 us¥sg, X2, X3) = (B1, B2, Bs), which
reduces the choice options and does not allow [focations that improve on those
available in Task 2. In addition, in Task 2, ongwf subjects (3.7 percent) assign a
higher weight to Bthan to B and hence choose an allocation that is not feagibl
Task 3. Thus, assuming rational behavior, we maeetxonly minimal differences
between the choices in Task 2 and Task 3. Integdgti the two tasks
yield surprisingly different results.

As in Task 1 and 2, a large group (15.0 percembcates 100 percent 8.
Since this strategy still maximizes the expectedcame, this choice remains
efficient. However, surprisingly large changes arebserved for the
remaining subjects. Specifically, compared with KT, only a small group
(1.8 percent) chooses a combinationBgfand B,, with no weight assigned tBs.
The subjects generally reduce their allocation Bp and increase their
allocation toB; (by choosingBs), clearly suggesting that framing matters. The
average implied allocation tB, falls from 31.1 percent to 16.9 percent, while the
average implied allocation 8, increases from 51.8 percent to 65.3 percent, tregul

in significantly different allocations between Ta&lkand Task 3ptvalue = 0.0000).
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Only few subjects (1.8 percent) mB¢ andB,, while relatively many (35.5 percent)
mix B; andBs. Hence, it seems that emphasizing the diversifinaadvantages dd,
over B, by presenting a reframed versionB)f makesB, look less attractive. The
increased number of subjects who completely excBydeom their choice set (from
33.6 percent to 54.2 percemng;value = 0.0012) gives further support for this.
Moreover, only 3.7 percent of the subject ign8gein Task 3, while 27.0 percent
ignore B, in Task 2 p-value = 0.0001). By doing so, many of the inefficient
allocations that are chosen in Task 2 (and thatrerfieasible in Task 3) are replaced
with efficient choices. In total, the number of firgent choices decrease
substantially from 78.5 percent to 49.5 percgnvdlue = 0.0000) and the mean
inefficiency score for all subjects reduces to 81.@r 7.0 percent of the expected
value (was 16.7 percent). Also, of the 84 subjedt® made inefficient choices in
Task 2, only 50 make inefficient choices in TaskB,improvement of 40.5 percent.
By contrast, just three of the 23 subjects makénafficient choice in Task 3 while
making an efficient choice in Task 2.

The observed improvements are quite surprising.k T&s does not
allow for allocations that improve on those avdiain Task 2 and the allocations that
were chosen in Task 2 remain feasible in Task 3thEumore, in Task 2, a
considerable improvement of the choice possibditygelded only limited changes.
We attribute this remarkable pattern (a minor rieacto a substantial improvement of
the choice options and a major reaction to a met@bgmetic’ change) to the
emphasis placed on the favorable diversificationnefies rather than the
unfavorable marginal distribution. Apparently, thigbjects do not fully account for
the diversification benefits of the lotteries amdus on the marginal distributions of
the lotteries.

The improved efficiency of the portfolios does natigate the conditional &/
rule. In fact, a large majority (78.8 percent) ln¢ subjects who miB; andBs choose
an equal-weighted average. However, unlike the legregghted combination oB;
and B, this combination is FSD efficient and does ngiresent irrational behavior.
In total, 38.3 percent of the subjects in Taskl@cake their money evenly among two

chosen lotteries. In contrast, only a small fractd subjects (0.9 percent) choose the
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equal weighted average d&;, B, and Bs, as the unconditional d/rule would
predict™*

A final remark seems in order to value the resaftshe first three tasks. In
Task 1, on average only 2.9 percent weight is atkxt to the third asset with the
unattractive marginal distributio£). This percentage grows to 17.1 percent in Task
2. While the 14.2 percent increase is roughly thmes as the 18.6 percent increase
from Task 2 to Task 3 and both increases are stally significant, the logical
inference is very different. In Task 2, an increaaocation to the third assed,) is
the predicted, rational response to the improveerdification benefits of this asset.
Our focus is instead on the significant allocatiomghe marginally more attractive,
but in this task FSD dominated, second a€3gtgnd the related significant decrease
in overall efficiency. Task 3 reframes Task 2 with@ltering the relevant payoff
space. This purely cosmetic change has a simitactedbn the allocation to the third
asset Bs) as the fundamental change in Task 2, and sigmifig improves overall
efficiency. Our key result is that a large portminthe subjects focus on the marginal
distributions of alternatives and thereby overleieable diversification benefits (in
Task 2), unless these benefits are pointed outhémt by showing the marginal

distribution of a diversified portfolio (as in Ta8k

D. Task4

Task 4 adds Lottery 8o Task 2, resulting in four choice alternativest@ad
of three: Ky, Xz, X3, X4) = (By, B2, B4, Bg). Table 3 and Graph D of Figure 2 show the
results. The subjects respond to the additiontdrpby shifting away fronB; andBs,
to Be. This shift is consistent with our earlier findsndor Task 1 to Task 3.
Specifically, this is exactly the behavioral pattéhat results if subjects focus on the
marginal distribution, and dislike alternatives hwithe most extreme negative
attributes as compared to other alternatives, adelwi documented in the
psychological literature (see for example Simong®889), and Simonson and

Tversky (1992)); The marginal distribution &g lies in between the marginal

» However, HJ note that investors instead tend sk a 50%-25%-25% over an
even allocation when dividing money between thraed$. Our findings align with
this observation, as respectively 9.3 percent aBdércent select such an allocation
in Task 2 and 3.

20



distributions ofB; andB,, B; has the most extreme marginal distribution (it trees
biggest possible loss), and we observe that prefesemove away from this extreme
option towards the middle optioBd).*?

Nevertheless, 8is a combination oB; andB; and the implied allocations and
general level of efficiency are not significantl§ferent from those in Task p{value
= 0.9968). This means that the frequency of inigfit choices remains high (81.3
percent) and many subjects (27.1 percent) overlthak sizeable diversification
benefits of B, which has an unfavorable marginal distributioncédmpelling reason
for the insignificant decrease in overall efficigns the large number of inefficient
choices in Task 2, which lowers the statistical powf the contrast with Task 4.
From the 23 subjects who make efficient choiceBask 2, seven (30.4 percent) make
inefficient choices in Task 4, while only four diet 84 subjects (4.8 percent) who
make inefficient choices in Task 2 make efficielmbices in Task 4. Moreover, a large
fraction of the efficient allocations are risk-nlitchoices of full investment iBy,
which are unlikely to be affected by the additioham alternative with a lower
average value. Correcting also for these choicaseke a small group of seven
subjects who choose efficient but not risk-neuttahbinations in Task 2. Within this
group, four subjects (57.1 percent) select inedfitiallocations in Task 4. Although
the percentages support the notion that addintguaeat alternatives lowers overall
efficiency, the numbers of relevant subjects angpy too small to assign statistical

significance to these percentages. Task 5 sheds ligbt on this issue.

E. Taskb

In Task 5 (see Table 3 and Graph E of Figure 2)agdBsto Task 3: Xz, Xz,
X3, X4) = (By, B2, Bs, Bs). When we compare the results of Task 5 to théSeask 4,
we yet again see that emphasizing diversificati@mefits helps. Many of the
inefficient allocations that are chosen in Taskadd that remain feasible in Task 5)
are replaced with efficient choices. Most notalg, observe more exclusions Bf
and Bs (p-value = 0.1692 and 0.0373) and less inefficiertlwesions ofBs in the

12 Interestingly, Benartzi and Thaler (2002) obtaimikr findings when people are
asked to choose between three hypothetical parsfdior their retirement savings

investments.
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portfolio (p-value = 0.0008). In total, the number of efficiectioices increases
substantially (31.8 percent vs. 18.7 percprtalue = 0.0138).

Nevertheless, the 13.1 percent increase is muchesrtfzan the 29.0 percent
increase in efficiency between Task 2 and Task-Ba(ue = 0.0022). This reduced
effect of emphasizing the diversification benefitcaused by different allocations in
Task 5 as compared to Task @value = 0.0040). This is quite remarkable, since
Task 3 and Task 5 only differ in the addition o§ienple and redundant fifty-fifty
combination of the first two lotteries, and implidsat the addition of irrelevant
alternatives changes portfolio compositions. Mgrecsfically, more subjects exclude
B; (29.0 percent vs. 15.9 perceptyalue = 0.0109) from their choice set, reducing
the average allocations ®, from 65.3 percent to 58.3 percent. By contrassé¢h
subjects tend to sele@®s, which is an inefficient alternative because ipliititly
includes a 50 percent allocation By. As in Task 4, this is in line with subjects
focusing on the marginal distribution, while digtig alternatives with the most
extreme negative attributes as compared to otliernatives. The shift from the
extreme option B;) to the middle optionBg) significantly reduces the number of
efficient choices (31.8 percent vs. 50.5 percgmalue = 0.0026).

Again, many subjects follow the conditionahIeuristic, as shown by the
large number of subjects who divide their moneyadlgjubetweenB; and B, (85.0
percent). Overall, the favorite number of funds tfee subjects is two, of which 78.6
percent divides their money equally between thesmf@ared to 80.4 percent in Task

3). By contrast, relatively few subjects (2.8 patgéollow the unconditional frule.

F. Pooled Statistical Analysis

The analysis so far has focussed on contrasts betpars of tasks that differ
by the change or addition of a single lottery. Taiwed us to focus on simple
statistical methods. However, by pooling all tagksl using multivariate analysis, we
can jointly analyze the results of all our tasks] abtain more statistical power. We
therefore performed a pooled multivariate statdtanalysis of all observations of all
subjects in Task 1 to Task's.

We use a probit regression model where the depéndeiable is a dummy
indicating if a subject made an FSD inefficient icko(with a value of one) or not

13 We thank an anonymous referee for this suggestion.
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(with a value of zero). We try to explain this \aie with the following set of

regressors.

1. A dummy variable that takes a value of one # third, “unattractive”
gamble has a positive statistical association Wighother gambles (“Positive

Association”), as is true in Task 1, and else zero;

2. A dummy variable that takes a value of one itligersified gamble is
included to highlight the benefits of diversifiaati (“Framing”), as is true in

Tasks 3 and 5, and else zero;

3. A dummy variable that takes a value of one fibwath, irrelevant gamble is

included (“Irrelevant Alternatives”), as is trueTiask 4 and 5, and else zero;

To allow for the possibility that the errors of imdiual subjects are correlated
(that is, an error by a given subject in a givesktmay affect some of that subject’s
subsequent choices), we perform a cluster cormectiothe subject level on the

standard errors (see, for example, Wooldridge (P003

[Insert Table 4 about here]

The results reported in Table 4 confirm our eartiesults obtained from the
pair-wise comparisons of tasks. Statistical assiocishas a strong and significant
effect. In case of positive statistical associgtibie probability of inefficiency is 60.5
percent lower than in case of negative statistacsgociation. Framing within the
negative association tasks significantly decreéises<hance on an inefficient choice
by 22.6 percent. Finally, the addition of an irkaet alternative to the negative
association tasks significantly increases the gihba of inefficient choice by 8.8
percent.

Logit regression is an obvious alternative to probgression. Another approach
is to use Tobit regression with the inefficiencpr&c(censored between its minimum
and maximum population value) as the dependenabiari Comfortably, the results

of both alternative approaches are similar in eognomagnitude and statistical
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significance to our probit results. These pooledression results show that our

findings are robust to the statistical method asslimptions used.

G. SSD Portfolio Efficiency

Our analysis thus far has focused on the FSD mntarsing the FSD portfolio
efficiency test (2). The generality of this critami sometimes comes at the costs of
low discriminating power. Comfortably, power doed seem to be an important issue
in our analysis. We have found large percentaged9D inefficient choices,
significantly varying over the tasks between 15@cpnt in Task 1 and 81.3 percent
in Task 4. We attribute this power to the desigowf lotteries (see Section 1.1) and
the relatively large number of subjects in our slemp

Nevertheless, we may analyze individual portfollmice behavior using the
less general efficiency criterion of second-ordecksastic dominance (SSE)This
criterion makes the additional assumption that gieci makers are globally risk
averse, a typical assumption in traditional poitfathoice models like Markowitz
(1952). Post (2003) develops a simple linear prognang test to analyze SSD
portfolio efficiency, which we apply to Tasks 150

For  Task 1, the SSD efficient  set is given by

*%

W ={ @y, W O[0T:ws =1-w;ws =G, which is 44 percent smaller than the FSD

efficient set (3). The “complement set\W" ={ wy s W )ZV\iDl%J.J;V\Q = Owg =1-wy
contains all portfolios that are optimal for somantsatiable decision maker (FSD
efficient) but not optimal for any risk averter @&efficient). While this set is quite
large, only 0.9 percent of our subjects chooserdgho from it — the equal-weighted
average ofB; andBs. Hence, 15.9 percent of the subjects make an 38flicient
choice in Task 1, compared with 15 percent usieg?i8D rule.

For Task 2 and Task 4, the SSD efficient set is emivby

W, g 4 :{ 01.Y2.Ys W10 1y, =0y3 =1-y; - yz}, 25 percent smaller than the
FSD efficient set (4). In this cas® subject chooses a portfolio from the complement
set V\é&4\V\£§L4={ (.Y2,Y3 )1 0055 )y2=0,y3 =1-y; - Y2}| implying that 78.5

percent (81.3 percent) of the subjects make a $®ffidient choice in Task 2 (Task

4), the same percentages as for the FSD ineffigienc

14 We thank an anonymous referee for this suggestion.

24



For Task 3 and 5, the SSD efficient set equalsHBP efficient set, that is,
W5 s =Ws ¢ 5, and it is not even possible for subjects to ®khe SSD criterion

without violating the FSD criterion. Therefore, 8%ercent (68.2 percent) of the
subjects make a SSD inefficient choice in Task &KI5), again identical to the FSD
results. Hence, the two efficiency criteria giveywsimilar results, suggesting that our

conclusions are robust to the precise efficiendgigon.

V. Concluding Remarks

In this paper, we examine the nature and optimalityortfolio decisions and
use of diversification heuristics. To get insightthese complex decisions, gauge the
optimality of choices, and avoid joint hypothesisldems due to unknown decision
maker’'s preferences, expectations and informatiets, swe use an experimental
approach with well-compensated and financiallyndi subjects and employ recently
developed tests for FSD portfolio efficiency.

Our findings are as follows. A large majority ofr@ubjects seem to focus on
the marginal distribution of the individual choiakernatives, while ignoring possible
diversification benefits. The subjects tend to edel the alternatives that are
unattractive when held in isolation (that is, altgives that entail small potential
gains and large potential losses), without fullycamting for their possible
diversification benefits. In addition, in line witthe findings of BT and HJ, many
subjects tend to select an equal-weighted combinati the remaining alternatives, a
clear manifestation of a conditionalnlfule. This strategy is irrational in then sense
that the resulting allocations are FSD dominatednan-optimal for every rational
decision maker. Hence, a large part of the subje@sonally focus on a subset of
choice alternatives and select an equal-weightatbawation within that subset.

We also show the importance of the framing of thexislon problem.
Emphasizing the diversification benefits rathemthlae marginal distribution of the
individual choice alternatives improves decisionking. In other words, many
subjects don't fully appreciate the effect of dsifcation unless these effects are
clearly pointed out to them. In addition, we shdwattthe addition of irrelevant
alternatives changes portfolio allocations. Henpeoblem presentation has an

important effect on individual portfolio decisions.
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Most real-life investment problems are substantiadbre demanding than the
problems presented in our experiment, especiallyhfmisehold investors who are
unfamiliar with the computer hardware and softwemnd datasets needed for portfolio
optimization. In these situations, the simplifyipgpcedures shown in this study, such
as a focus on marginal distributions and a tendéaoyqual weights, may be even
more alluring. Over and above, the natural framewinich individual portfolio
problems are presented may further reinforce thigstors can directly observe the
marginal distribution of assets, but the statistassociation between assets and the
associated diversification benefits are less shfiad accessible. Evidence supporting
narrow framing in real-life investing includes Daand Huberman (2010), who show
that investors with a discount broker focus maialy individual asset volatilities
instead of the portfolio volatility. In addition, Uthar and Lim (2008), find that
household investors tend to frame stock marketsa®ts more narrowly than other
investors.

For pension plans, the conditionahIleuristic may lead participants to focus
on a subset of funds in the same, “attractive” taglsss. Since diversification effects
generally are stronger between asset classes thhim \@sset classes, the resulting
allocations may be suboptimal. In this respectiaraing portfolio problems could
help improve pension investment choice. For exampdmsion plans and financial
advisors could stress the benefits of diversifaratibetween asset classes and
including mixed-funds that diversify across mukiphsset classes. Hopefully, our
study contributes to an increased awareness ofdifiication heuristics in practice
and more attention to problem presentation andsaetsupport.

An irrational focus on marginal distributions mais@a have market-wide
implications. A number of “anomalous” asset pricipgtterns naturally emerge if
investors care about fluctuations in the individsibcks they hold instead of
fluctuations in their portfolio. For example, Bariseand Huang (2001) show that in
an economy in which investors are averse to loasdsthis aversion depends on the
outcomes of previous decisions, the focus of irtlial investors on the outcomes of
individual stocks (i.e. the marginal distributior®sults in: (i) high returns on value
stocks relative to growth stocks (see Fama andchréh992), (1993)), (ii) high
returns on the past loser stocks relative to wisirieee De Bondt and Thaler (1985),
(1987)), (iii) high excess returns on equities (8ehra and Prescott (1985)), (iv)
long term predictability of stock returns (see éxample Fama and French (1988)),
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and (v) excess volatility of the stock prices otleeir underlying cash flows (see
Shiller (1981)). We hope that our experimental ftssmay provide a stimulus for

further research along these lines.
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TABLE 1
Lotteries and Tasks of the Experiment
This table summarizes the main tasks and lotteisesl in our experiment. Each task
involves three or four lotteries({, X, X3 andX,) with an uncertain payoff in three
possible scenarioss(, $ and ;) of equal probability (1/3). The lotterieXy( Xz, X3

andX,) are a selection from six base lotteriBg, 8;, Bs, B4, Bs andBs).

Gain/Loss (£€)

Lottery S S, S;
B, -50 +25 +125
B, -25 0 +75
Bs -75 +50 +25
B +50 -75 +25
Bs 0 -25 +75
Be' -37.5  +125  +100
Bs =5B+ % By
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TABLE 2
Example lllustration of the FSD Portfolio Efficiency Test

A: The FSD inefficient combinatior‘% % 0)

Gain/Loss (£€)
S S S Percent
B, -50 +25 +125 50
B, -25 0 +75 50
B, +50 -75 +25 0
Total -37.5 +12.5 +100 100
B: The FSD dominating combinatio% ,o,% )
Gain/Loss (€)
S S S Percent
B, -50 +25 +125 87.5
B, -25 0 +75 0
B, +50 -75 +25 12.5
Total -37.5 +12.5 +1125 100
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TABLE 3
Summary of Allocations

This table shows the main results of our experinedf subjects). For every task, the
table shows the average allocations to each atteenathe average implied
allocations toB,, B, andB,, the proportion of subjects who exclude each dteéve,
the proportion of subjects who invest in one giadternative, the numbers of funds
chosen by the subjects, the percentage of equtd bptween those funds chosen, the
proportion of subjects who rely on a specific dsiecation heuristic, and the
proportion of subjects who chose a FSD inefficaidcation, as well as the Euro and
percentage mean inefficiency score over all aliooat For Task 1 to Task %y;
denotes the allocation tB; andw, denotes the allocation #,. For Task 1,ws;
denotes the allocation s, for Task 2 and Task 4y; denotes the allocation &,
and for Task 3 and Task &3 denotes the allocation ®8. For Task 4 and Task 8y
denotes the allocation ®. For the sake of comparability with Task 2, theghts of
Task 3 to Task 5 are also transformed to their iedp&llocations td3;, B, and Ba..
The implied allocation td; is denoted by, the implied allocation t@®, by y, and

the implied allocation t&, by ys.

Task1l Task2 Task3 Task4 Task5b
Average Allocations

W 42.9% 51.8% 47.4% 40.0% 34.4%
Wo 54.2% 31.1% 16.9% 18.9% 17.7%
W; 2.9% 17.1% 35.7% 17.1% 32.0%
W, - - - 24.1% 16.0%
Average implied allocations to,;BB, and B,
Vi - 51.8% 65.3% 52.0% 58.3%
Yo - 31.1% 16.9% 30.9% 25.7%
Y3 - 17.1% 17.9% 17.1% 16.0%
Excluded Alternatives
w;=0 28.0% 9.3% 15.9% 18.7% 29.0%
wW,=0 18.7% 33.6% 54.2% 45.8% 52.3%
w5=0 84.1% 43.0% 18.7% 39.3% 23.4%
w,=0 - - - 40.2% 52.3%
Invested in One Alternative
wi=1 17.8% 15.0% 15.0% 12.1% 13.1%
w,=1 28.0% 9.3% 1.9% 5.6% 1.9%
wa=1 0.0% 0.0% 3.7% 0.0% 1.9%
w,=1 - - - 1.9% 2.8%
Number of Funds Chosen

1 chosen 45.8% 24.3% 20.6% 19.6% 19.6%
2 chosen 39.3% 37.4% 47.7% 30.8% 39.3%
3 chosen 15.0% 38.3% 31.8% 23.4% 19.6%
4 chosen - - - 26.2% 21.5%
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Equal Split Between Number of Funds Chosen (asghgage of Funds Chosen)

2 chosen 31.0% 47 .5% 80.4% 42.4% 78.6%
3 chosen 6.3% 7.3% 2.9% 12.0% 14.3%
4 chosen - - - 32.1% 13.0%
Diversification Heuristics
Uncond. 1h 0.9% 2.8% 0.9% 8.4% 2.8%
Cond. 1h 12.1% 17.8% 38.3% 15.9% 35.5%
FSD-Efficiency
Efficient 85.0% 21.5% 50.5% 18.7% 31.8%
Inefficient 15.0% 78.5% 49.5% 81.3% 68.2%

Mean Inefficiency (€) €1.09 €3.76 €1.73 €3.86 €2.28
Mean Inefficiency (%) 4.7% 16.7% 7.0% 17.2% 9.6%
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TABLE 4

Probit Regression Analysis
The table displays the results from a probit regjogsanalysis of the decisions made
in our experiment (107 subjects). The dependeniabiar is the FSD efficiency
dummy, with a value of 1 for “Inefficient” and OrfoEfficient.” We use all subjects’
choices of Task 1 to Task 5. Apart from the maximlikelihood estimates and
marginal effects (that is, the change in the Ilketid on subjects selecting an
inefficient choice) of the regression coefficiertfse table reports the log-likelihood
(LL), McFadden’sRk-squared, and the number of observations. gFalues (within
parentheses) are corrected for correlation betwieerresponses of a given subject
(subject-level cluster correction). Asterisks asedito indicate significance at a 5%
(*), 1% (**) or 0.1% (***) level.

Coefficient Marginal effect

Positive Association -1.726%** -60.5%
(0.000)

Framing -0.617%* -22.6%
(0.000)

Irrelevant Alternatives 0.315*** 8.8%
(0.000)

Constant 0.688*** 75.4%
(0.000)

LL -294.51

McFadden R? 0.189

No. obs. 535
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FIGURE 1
FSD Inefficiency Scores for Task 1 to Task 5

The figure shows the FSD inefficiency scoe{v, ,w,,w, ;) for all possible

allocations in Task 1 to Task 5. The FSD inefficigiscore measures the maximum
possible increase in the mean outcome that carcieveed with a combination that
FSD dominates the evaluated combination. Graph dwshthe FSD inefficiency
scores for Task 1, Graph B shows the scores foksTasand 4, and Graph C shows
the scores for Tasks 3 and 5. For the sake of cabpigy with Task 2, the weights of
Task 3 to Task 5 are transformed to their implikocations for Task 2. The implied
allocation toB; is denoted by, the implied allocation t®, by y, and the implied
allocation toB,4 by y3 The figure shows all feasible combinationsagf(or y;) andw,

(or y»), using 10% intervals. The weight (or ys) is not shown, because it can be

found as the residuali; =1—-w; =W, (or y3 =1-y; - Vy,).

Graph A: Task 1 Graph B: Task2 & 4

FSD inefficiency scor
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Graph C: Task 3 & 5
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FIGURE 2
Test Results for Task 1 to Task 5
The figure shows the chosen allocations in Task Task 5 in Graph A to Graph E.
For the sake of comparability with Task 2, the vaesgof Task 3 to Task 5 are
transformed to their implied allocations for TaskThe implied allocation td; is
denoted by, the implied allocation t&; by y, and the implied allocation B, by ys.
The weightws (or ys3) is not shown, because it can be found as theluaki

ws =1-w; —w, (or y;=1-y; —y,). The chosen percentages are first rounded to
the nearest multiple of 10%, yielding 11 categofigeos), [005,015),---,[0951] for

the allocation to every lottery. The grey bars aate FSD efficient choices, while the

numbers indicate the main equal-weighted allocatempercentage of all choices.
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Graph C: Task 3

Graph B: Task 2
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Appendix: The Test Form

EXPERIMENT INVESTMENT AND PORTFOLIO DECISIONS

You are about to participate in an experiment abowestment and portfolio
decisions. This experiment will last about 60-9thutés. We will ask you to make
investment decisions in nine different situatioBg. participating in this experiment,
it is likely, but not sure, that you will earn realbney. The purpose and working of
the experiment will be explained below. On the bside of this page, we will explain
how the payment procedure is arranged. Pleasetiead two pages with care. If you
finished reading them, please wait until we give $sign that you can start fulfilling

the nine decision tasks. If you have any questiplesse raise your hand.

Purpose of the Experiment:Imagine that you have some money available whath y
want to invest in financial assets. What would ypartfolio of assets look like? How
much, and in which assets would you invest? In #xperiment, we want you to
answer this question in nine tasks. In each taskwilleprovide you with all the

necessary information about the investment oppdsnthat are available on the

market. First we will give an example, to clarihetobjective of the experiment.

Example You may choose a combination of three lotteries, (L2 andLi2). The
lotteries involve a different gain or loss in thréferent scenariosy, $; and S3).
Every scenario has the same probability of occgrr{i/3). The table below
summarizes the gambles and the gain or loss in seehario. Please indicate the
percentage you would distribute to each lotterytle last column. Negative
percentages are not allowed. Also, please fillha tesulting gain or loss of your

combination in the last row.

Gain/Loss (€)

St S S %
L1o -200 0 +200

Li1 -100 +100 +300
Lo +100 -200 +400
Total 100
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Example answer if you decide to distribute 10% 4§ 0% toL;; and 90% td.;»:

Gain/Loss (€)
S S S %
L1o -200 0 +200 10
L1 -100 +100 +300 0
Lo +100 -200 +400 90
Total | +70* -180 +380 100
0 Since the percentages fbg;, L1

and Li; are 10%, 0% and 90%

respectively, the outcome in

scenarids, is (0.10 x -200) + (0 x -

100) + (0.90 x +100) = +70.

If the example is clear, please turn to the negepat the backside of this form.
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Payment procedure: Your answer to one randomly selected task will lzeygx for
real money. Which task will not be known in advabgeanyone, but will instead be
determined by throwing a ten-sided dice at the ehdhis experimentHence,
remember that which task will be played for realney is completely random, but
that you know for sure this task will be one of ryplayed tasks. We do this to
encourage you to answer each task as if that orlebei played for real money,
because each task has the same probability todyegIfor real moneyso we advise

you to answer each task as if that task is plagedeal money for sure.

After everyone has completed all the tasks you lallasked to come forward, put
possible money that you can loose on the tabletharwv the ten-sided dice. The
number that comes up will be the task that you fdayeal money. . For example, if
you throw “3”, we will take your answer to Task Bdaplay that answer for real
money. Throwing a “0” (zero) means “throwing agaiSubsequently, you will be
asked to throw the dice again to determine whi@nagdo G, $; or ) is realized. A
throw of “1”, “2” or “3” means that5, is realized, “4”, “5” and “6” refer t&, and
“7”, “8" and “9” yield S;3. Anyone who would like to test the dice is reqaeddb raise
her hand.

Since we are interested in investment decision ngakhere will also be a possibility
that you lose money. Think of it: investments ahmast never without risk. To
compensate for these possible losses, each of yoregeive €10 for participating in
this experiment. In addition, you will receive €f5you participate in a half-hour
guestionnaire, which will take place after this esment. Hence, everyone will
receive up to €25 plus the outcome of one rand@®lgcted task. We want to stress
that you may end up losing money, but that thisy @dcurs if you want to take the
risk. People who are not willing to participatetims experiment are kindly request to
raise their hands. After the completion of the expent, we will handle the payment

of your possible earnings.

If you finished reading the instructions, pleasétwatil we give the sign that you can
start fulfilling the nine decision tasks. If youaany question, please raise your
hand.
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Task 1: There are three lotteriek,( L, andL3). The lotteries involve a different gain
or loss in three different scenarioS,(S and S). Every scenario has the same
probability of occurring (1/3). The table below smarizes the gambles and the gain
or loss in each scenario. Which portfolio of théstgeries would you like to hold?
Please indicate the percentage you would distritugach lottery in the last column.
Negative percentages are not allowed. Also, pl&hse the resulting gain or loss of

your combination in the last row.

Gain/Loss (€)

S S S %
L, -50 +25 +125
L, -25 0 +75
Ls -75 +50 +25
Total 100

Task 2: Now there are the following three lotterids;, (L, and Ls). The lotteries
involve a different gain or loss in three differesttenarios &, S and S3). Every
scenario has the same probability of occurring)(IVBe table below summarizes the
gambles and the gain or loss in each scenario. MWgodfolio of these lotteries would
you like to hold? Please indicate the percentagewauld distribute to each lottery in
the last column. Negative percentages are not atlowAlso, please fill in the

resulting gain or loss of your combination in thstlrow.

Gain/Loss (€)

S S S %
L1 -50 +25 +125
Lo -25 0 +75
L4 +50 -75 +25
Total 100
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Task 3: Now there are the following three lotterids;,(L, and Ls). The lotteries
involve a different gain or loss in three differestenarios &, S and ). Every
scenario has the same probability of occurring)(IfBe table below summarizes the
gambles and the gain or loss in each scenario. MWgodfolio of these lotteries would
you like to hold? Please indicate the percentagewauld distribute to each lottery in
the last column. Negative percentages are not atlowAlso, please fill in the

resulting gain or loss of your combination in thstlrow.

Gain/Loss (€)

S S S %
L1 -50 +25 +125
Lo -25 0 +75
Ls 0 -25 +75
Total 100

Task 4 Now there are the four lotterieki( Lo, Ly andLg). The lotteries involve a
different gain or loss in three different scenaris S; andSs). Every scenario has
the same probability of occurring (1/3). The tab&tow summarizes the gambles and
the gain or loss in each scenario. Which portfolidthese lotteries would you like to
hold? Please indicate the percentage you wouldiltlist to each lottery in the last
column. Negative percentages are not allowed. Aease fill in the resulting gain or

loss of your combination in the last row.

Gain/Loss (€)
S S S %
L, -50 +25 +125
Lo -25 0 +75
Lag +50 -75 +25
Ls -37.5 +12.5 +100
Total 100
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Task 5: Now there are the following four lotteriek,( L,, Ls andLg). The lotteries
involve a different gain or loss in three differestenarios &, S and ). Every
scenario has the same probability of occurring)(IfBe table below summarizes the
gambles and the gain or loss in each scenario. MWgodfolio of these lotteries would
you like to hold? Please indicate the percentagewauld distribute to each lottery in
the last column. Negative percentages are not atlowAlso, please fill in the

resulting gain or loss of your combination in thstlrow.

Gain/Loss (€)
S S S %
L, -50 +25 +125
L, -25 0 +75
Ls 0 -25 +75
Le -37.5 +12.5 +100
Total 100

Thank you for your cooperation!
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