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Abstract

We investigate how people allocate a limited set of resources
between multiple risky prospects. We found that only a small
percentage of decisions followed some form of naive diversifi-
cation or mean-variance optimization. In general, people were
less mean-variance optimal than a naive 1/N heuristic. As-
pects of choice sets, such as domain, skew, and second order
stochastic dominance, affected resource allocation decisions in
a similar manner to their influence on single choice gambles.
Individual traits traditionally linked to risk propensity seem to
manifest in terms of the degree to which people are inclined
to diversify. Lower risk aversion and higher risk seeking traits
are linked to increasing diversification. Risk congruency, the
degree to which peoples’ self-reported and elicited risk aver-
sion matches, moderates how susceptible people are to cost
framing nudges. We find evidence for heterogeneous clusters
where people either under-weight or over-weight segregated
costs, leading to the same nudge producing opposite behav-
ioral results within two risk incongruent groups.

Keywords: resource allocation; risk tolerance; risky
choice; individual differences; nudges

Introduction

There are many instances where people have to distribute
a limited set of resources between multiple choice options.
These can be personal (e.g. investment in a set of retirement
funds; constructing a stock portfolio; budgeting household
expenses) or institutionalized (e.g. capital allocation, bank
lending decisions, government budgets) monetary decisions.
These could also be non-monetary decisions such as distri-
bution of labor, time, bandwidth, etc. The choice options of-
ten vary in terms of their potential costs and benefits, which
are probabilistic in nature. Each choice option may thus be
represented as a risky prospect which has some probabilistic
distribution of outcomes. There is a large amount of literature
that examines the decision making process when people have
to select only one out of 2 or more risky prospects, that is,
where all resources are invested in a single prospect.

There are limited studies however, that extend this to a
resource allocation paradigm, namely, how do people dis-
tribute a limited set of resources between 2 or more such risky
prospects? Some studies suggest that people follow the 1/N
heuristic, which proposes that people tend to naively diversify
allocation across the available prospects (Benartzi & Thaler,
2001; Bardolet, Fox, & Lovallo, 2011), although this is often
the case only for a subset of the people making these deci-
sions. The normative version of this problem is extensively
studied in economics - what optimal strategies should people
adopt? However there is limited research examining whether
people come close to adopting such optimal strategies.

It is important to understand how people deviate from op-
timality, and to understand what aspects of choice sets influ-

ence the resource allocation process. We highlight that mea-
suring optimality and sensitivity to choice sets is more com-
plex in resource allocation tasks compared to simple choice
gambles. For simple choice gambles, a cognitive account will
typically entail valuation of different prospects, and specifica-
tion of a deterministic or probabilistic decision rule to com-
pare these valuations. The decision rule for resource alloca-
tion needs to be more complex to allow for allocation weights
to be placed for each gamble. It needs to take into account
aspects such as choice bracketing - whether the valuation of
choices is performed at an aggregate portfolio or segregated
choice level. These aspects may influence whether drivers
of decision making that explain single choice behavior can
also explain resource allocation decisions. Further, choice
bracketing may also affect how sensitive people are to cost
framing nudges, where outcomes are re-framed into a gross
higher outcome, set-off by a corresponding cost element. We
report an experimental study on resource allocation and show
how manipulation of different design factors affects the allo-
cation behavior. The main questions we ask are (1) do people
naively diversify?, (2) how sensitive are people to choice set
manipulations?, (3) how well do measures of risk traits ex-
plain individual differences in resource allocation behavior?,
(4) how sensitive are people to cost framing nudges?and (5)
how optimal (or sub-optimal) is allocation behavior?

Experiment

In this experiment we test people’s preferences for distribut-
ing a fixed set of resources between multiple risky prospects.
50 undergraduate students from Vanderbilt University partic-
ipated in the experiment. The cover story for the task was that
participants had to play the role of the head of a company that
had the opportunity to invest a fixed amount of money (hypo-
thetical $100,000) into one or more of 4 possible projects.
Participants were advised that all projects had the same ex-
pected time to completion and their objective was to maxi-
mize the return on the invested amount. They were required
to invest all the money, but could distribute this in any propor-
tion between the 4 projects, including allocating no resources
to one or more projects. Each project had two possible out-
comes - success or failure. They were provided with the
probability of success (ps) and failure (pr = 1-ps) for each
project, as well as the percentage returns on their investment
depending on whether a project succeeded or failed. A suc-
cessful project always had a positive return, whereas a failed
project resulted in either a lower positive or a negative return.
The 4 projects always varied in terms of the variability (stan-
dard deviation) of return outcomes. Participants were given
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Figure 1: Example interface where participants allocate a fixed set
of resources between 4 risky prospects using either text inputs or a
moving slider scale.
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Project outcome: Profit of 5%

Your company invested $200 in this
prospect and earned a profit of $10

Figure 2: Example interface of how participants receive feedback
for each individual prospect after each trial. The proportion of green
to red balls is based on the ratio of probability of success to failure.
One of the balls is chosen at random to generate a realized outcome.

an example and a practice trial to familiarize themselves with
the interface (see Figure 1). After each trial, participants were
provided feedback on the outcome. The outcome was based
on the described probability of success and dynamically (ran-
domly) picked by the computer program. The process of re-
alization of the outcome for each project was graphically dis-
played to the participants. For each project they were shown a
box containing 100 X pg green balls and 100 X pr red balls.
The computer program randomly traversed the box space and
eventually picked one of the balls. A green ball implied suc-
cess and a red ball implied failure (see Figure 2). The re-
turns on the investment for each project were updated based
on these outcomes before moving on to the next trial.

(A) Between-subjects conditions

Participants were split into 2 groups of 25 students each. The
between subjects design entailed different rewards, with the
rest of the design factors being identical between the two
groups. Group 1 participated for course credit, and group 2
for financial compensation. This between-subjects condition
tests whether financial incentives affect resource allocation
behavior. There is mixed evidence for this in tasks involv-

ing risky choices (Beattie & Loomes, 1997). Participants in
group 2 received a fixed payout of $5 plus an incentive rang-
ing from $0 to $10 that was linked to their performance on
the task. For group 2, at the end of the experiment, one of
the trials was randomly selected. The incentive component
was calculated as $5 plus or minus $0.10 times the %returns
achieved on that trial, but limited to the range $0-$10. For
example, achieving a loss of 20% resulted in an incentive of
$5 - 0.1(20) = $3, and achieving a gain of 20% resulted in an
incentive of $5 + 0.1(20) = $7. This allowed for the incen-
tive to be framed as reductions for losses and increments for
gains. The total payout including fixed and incentive compo-
nents ranged between $5-$15.

(B) Within-subjects factorial design

Each participant completed 36 portfolio choice decisions.
There were 12 unique decisions based on a 2 (second order
stochastic dominance - present vs absent) X 2 (domain - gains
vs mixed) X 3 (skew - none, positive, negative) within-subject
factorial design. Each of these 12 decisions was repeated in
3 blocks, with the order randomized within blocks. Although
the underlying decision remained equivalent across blocks,
the three blocks varied in terms of a cost framing effect. The
details of the choice set manipulation are given below:

Second order stochastic dominance (SOSD; 2 levels): In
the first level, all prospects in a trial had equal expected value,
but the 4 prospects had progressively higher standard devi-
ation. As a result, each prospect had SOSD over the sub-
sequent riskier prospects. In the second level, the prospects
were not mean preserving, and riskier prospects (higher stan-
dard deviation) also had higher expected values. Thus there
was no SOSD. Any behavioral account that is based on a
weakly increasing concave utility function, or mean-variance
optimization, predicts that prospects with SOSD over other
prospects will be a dominated preference. Accordingly, opti-
mal resource allocation under such an assumption would im-
ply allocating 100% of the resources to the safest prospect.
SOSD present choice sets allow a parameter free estimation
of deviation from mean-variance optimal allocation. On the
other hand, choice sets that do not involve SOSD choices
allow measuring the level of risk tolerance within a mean-
variance optimization framework.

Domain (DM; 2 levels): In the first level, all-gain domain,
all outcomes including project failures resulted in positive
returns. In the second, mixed domain, the average returns
across prospects on failure were negative. Domain manipula-
tion allows us to test for the effects of asymmetric gain-loss
utilities within the portfolio choice framework.

Skew (SK, 3 levels): In the first level, all prospects had zero
skew, that is, success and failure were equally likely. In the
second, all except the safest prospect had negative skew, that
is, failure outcomes were more likely. In the third, all ex-
cept the safest prospect had positive skew, that is, success
outcomes were more likely. Symmonds, Wright, Bach, and
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Dolan (2011) showed that risk and skewness are differently
encoded in the brain. People have been shown to be relatively
averse to negatively skewed gambles (Deck & Schlesinger,
2010). Manipulation of skew allows us to test whether these
effects extend to the portfolio choice paradigm.

Purchase cost framing nudges (PC, 3 levels): 1In the first
level, there are no extraneous purchase costs. In the sec-
ond and third levels, the outcomes from the first level were
translated and re-framed into higher gross outcomes accom-
panied by an appropriate purchase cost. This re-framing
led to prospects that were expected-value-equivalent to the
prospects presented in the first level. In the second level, the
amount of re-framing was increasingly higher with increas-
ing variability (risk) of prospects outcomes. In the third, the
re-framing decreased with increasing variability (risk). The
trials were presented in a blocked design with three blocks
corresponding to the 3 purchase costs conditions, with the or-
der of the 12 problems in each being randomized. The theory
of mental accounting suggests that people may account for
re-framed outcomes and corresponding costs in a segregated
manner, including under or over weighting the cost compo-
nent relative to the outcomes. The re-framing thus can act as a
nudge, pushing people towards allocation to riskier prospects
in the second level and safer in the third level if they under-
weigh the re-framed costs. The direction of the nudge would
be reversed if people over-weigh re-framed costs.

(C) Testing for risk traits

After the allocation task, participants were required to com-
plete one set of paired lottery choices (Holt & Laury, 2002),
summarized as HL, with a higher score indicating greater
elicited risk aversion. They also completed the DOSPERT fi-
nancial risk-taking (DF’) subscale (Blais, 2006), with a higher
DF score indicating higher self-reported risk seeking behav-
ior, and a locus of control (SL) scale (Rotter, 1966), with
higher SL scores indicating a higher self-reported external lo-
cus of control. All of these influence risky decision making
in single choice tasks.

(D) Defining the dependent variables

The simplest way of measuring a resource allocation deci-
sion is to look at the allocation weights (w;) for each (i'")
prospect, where Zfi 1 wi =1, and N is the total number
of choices available. Lopes and Oden (1999) proposed that
there are individual differences in whether people approach
risky decision making from a perspective of security (protect-
ing low outcomes) or potential (maximizing high outcomes).
A simplistic measure of people’s security and aspiration lev-
els are measured by the weight allocated to the two extreme
prospects - safest (S) and riskiest (R) respectively. In addi-
tion, the Herfindahl index (H) = Zf’: ] wiz, where N is the total
number of prospects in the choice set, measures the degree of
diversification (Rhoades, 1993). When all weights are equal,
H takes the minimum value of 1/N (maximum diversifica-
tion) and when all resources are allocated to a single prospect,

H=1. For N=4, values close to 0.25 indicate naive diversifica-
tion, values close to 0.5 indicate some form of conditional di-
versification (equal allocation to 2 of 4 prospects), and values
close to 1 indicate concentration in a single prospect. These
measures S, R, and H reflect segregated measures based on
attention paid to individual prospects.

Often, the emergent characteristics of the aggregated port-
folio are of greater interest than the individual choices. Most
normative theories of portfolio choice are based on optimiz-
ing some function of the portfolio characteristics. Since a
portfolio can be represented as a probability distribution over
outcomes, the most common characteristics are derived from
the moments of the resulting portfolio. We calculate the ex-
pected value (V), and the standard deviation (D) of the ag-
gregate portfolio.

Finally, we test for differences between the 2 cost fram-
ing conditions. The framing conditions are setup so that cor-
rectly accounting for the costs and translation of outcomes
should result in no difference between behavior across the
three conditions. However, discounting of the costs framed
separately would result in a preference for prospects with a
higher degree of framing. In one condition, riskier prospects
are subject to higher framing (we denote this condition as F7),
and in the other, safer prospects are subject to higher framing,
denoted as F,. Discounting the costs would result in higher
selection of riskier prospects in the first and safer in the sec-
ond framing condition. We calculate susceptibility to nudges
as, N = mean[(Sr, — S, ), (RF, — Rr,)]. A value of N close
to 0 indicates that people are not susceptible to cost framing
nudges. A high positive value indicates that people under-
weight separately framed costs, and thus are nudged towards
options with higher framing (larger translation of outcomes).
A high negative value indicates that people over-weight sepa-
rately framed costs, and thus are nudged towards options with
lower framing (smaller translation of outcomes).

Results
(1) Is there evidence for naive diversification?

Diversification is directly measured using the Herfindahl in-
dex (H). The left panel in Figure 3 shows the distribution of H

Herfindahl index & Number of unique prospects selected
1 2 G g

0.1

0.05

% of choices

Herfindahl Index

Figure 3: Distribution of Herfindahl index across participants and
trials. The color shading shows the number of unique prospects (1
to 4) selected on each trial.
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Table 1: Mean values of dependent behavioral measures by design factor. Differences are tested using a Bayesian repeated measures ANOVA

for main effects of design factors. Significant differences, measured by log Bayes factors (LBF) > 2.3 are highlighted in bold.

SOSD Domain Skew Cost framing
(Yes) (No) (Gain) (Mixed) 0) (Neg) (Pos) (None) (Riskier) (Safer)

Herfindahl Index (H) 048 047 0.48 0.47 046 048 049 0.44 0.49 0.49
%o Safest (S) 0.37 031 0.29 0.39 034 037 031 0.32 0.33 0.36
% Riskiest (R) 0.25 0.29 0.30 0.24 026 028 0.27 0.27 0.28 0.26
Expected value (V) 2.50  3.98 5.84 0.64 323 325 324 3.27 3.26 3.19
Standard deviation (D) 3.83 442 2.06 6.19 438 3.60 4.39 4.23 4.32 3.83
Susceptibility to nudges (N) 0.01 0.04 0.00 0.05 0.02 0.03 0.02 - - -

MPT-error (dg) 031 0.18 0.31 0.18 024 022 0.27 0.22 0.26 0.25
Risk tolerance (Q¢) - 63.7 19.9 107.5 647 524 739 67.0 76.1 48.0

across participants and trials. The color shading also shows
the distribution of the number of unique prospects selected
on any trial. A naive diversification strategy would indicate
a value of H = 0.25. A large mass of the distribution lies
between the range of 0.25 and 0.5, with further peaks at 0.5
and 1.0 indicating choices where people selected 2 of the 4
prospects equally, or invested all their resources in a single
prospect, respectively. The 1/N heuristic (naive diversifica-
tion), proposes that people tend to split allocations evenly be-
tween available choices. A variant of this strategy called the
conditional 1/N heuristic (Huberman & Jiang, 2006) proposes
that people split allocations evenly across a small number of
choices rather than the total number of choices available. Us-
ing thresholds suggested by Huberman and Jiang (2006), 11%
of the choices can be summarized as single prospect concen-
tration, 7% as a conditional diversification into 2 prospects,
and 4% as naive diversification into all 4 prospects.

(2) Sensitivity to choice set manipulations:

The mean values of the dependent behavioral variables
grouped by experimental factors (which define the type of
choice sets) are summarized in Table 1. We conduct a
Bayesian repeated measures ANOVA analysis (JASP-Team,
2016) testing for main effects of these design factors. A log
Bayes factor, LBF > 2.3 is considered significant, and high-
lighted in bold in Table 1. There is no evidence that the in-
centive condition had any effect on S, R, H, V, or D, hence
the remainder of the analysis combined data from the course
credit and financial incentive conditions. There is no evi-
dence that the level of diversification as measured by H is
affected by the domain, skew, or SOSD manipulations. There
is evidence for a main effect of domain (LBF 28.1), SOSD
(LBF 12.8), and skew (LBF 3.2) on S. Allocation to S is
higher in the mixed domain (mean 39%) than in the gains do-
main (mean 29%), higher in the SOSD (mean 37%) compared
to non-SOSD (mean 31%) condition, and higher in negative
skew (mean 37%) than positive skew (mean 31%) conditions.
There is evidence for a main effect of domain (LBF 9.6) and
SOSD (LBF 4.3) on R. Allocation to R is higher in the gains
domain (mean 30%) than in the mixed domain (mean 24%),
and higher in the non-SOSD (mean 29%) compared to the
SOSD (mean 25%) condition. V and D are expected vary

with domain and SOSD by design. There is no evidence for
a main effect of skew on V, but there is evidence (LBF 6.9)
for a main effect of skew on D. Participants exhibit the low-
est D (mean 3.6) in the negative skew condition and highest
D (mean 4.39) in the positive skew condition, indicating a
marked preference for lower variability in the negative skew
condition.

(3) Trait-based individual differences

To test if the measured traits influence behavior in the port-
folio allocation task, we use a Bayesian ANCOVA analysis
treating the between and within subject choice manipulation
factors as random effects and testing for the effects of covari-
ates locus of control (SL), risk aversion (HL), and financial
risk seeking (DF). We find evidence of an effect of HL (LBF
5.7) and DF (LBF 2.9) on S, and an effect of HL (LBF 13.2)
on R. These indicate that higher risk aversion (higher HL
and lower DF scores) are linked to higher allocation to the
safest prospect and lower allocation to the riskiest prospect,
as might be expected. Testing for effects of the locus of con-
trol (SL), we find evidence of an effect on S (LBF 3.7), and
on R (LBF 6.2). These indicate that increasing external lo-
cus of control is also linked to higher allocation to safest and
lower to the riskiest prospect. Directionally, this is in con-
trast to findings based on risky gambles (Rotter, 1966) which
showed that increasing external locus of control was associ-
ated with waging more money on riskier bets.

Figure 4 shows the joint density of % allocations to R and
S. The color coding in the three panels shows the mean level
of trait scores. Areas in the centre indicate diversification-
like behavior. Interestingly, all 3 mean scores are pretty sim-
ilar for both extreme decisions (R = 100% and S=100%),
but are different for the central areas representing diversifi-
cation (lower HL scores and higher DF scores). It seems that
risk aversion and risk seeking measures are more indicative
of how extreme (concentration vs diversification) people are
in their allocations, rather than whether they prefer safer or
riskier prospects. We find evidence of an effect of HL (LBF
1.4) and DF (LBF 13.4) on H. These indicate that higher
risk aversion is linked to lower diversification. This behavior
is however contrary to the popular notion that diversification
leads to reduced risk.
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Figure 4: Joint density of % allocation to safest vs aspirational prospects. The size indicates the % of all trials. The 3 panels plot the same
density data, with the color coding in the 3 panels showing the mean level fo risk trait scores (SL, HL, and DF respectively).

(4) Sensitivity to cost framing nudges:

Testing for differences between the framing and no framing
conditions, we find a significant effect (LBF 10.3) of whether
or not there is some cost framing on H, so that framing of
either type reduces diversification, with mean H increasing
from 0.44 in the no framing condition to 0.49 in both the cost
framing conditions. One hypothesis is that the introduction
of an additional cognitive element induces people to reduce
their diversification. This is supported by the observation that
in the no framing condition, people selected all 4 prospects on
55% and either 1 or 2 prospects on 22% of the trials. Com-
pared to this, in the framing conditions (combined), people
selected all 4 prospects on 45% and either 1 or 2 prospects on
33% of the trials.

Testing for differences between the two cost framing con-
ditions Fj (higher risk framing) and F; (higher safety fram-
ing), a Bayesian repeated measures ANOVA shows evidence
that there is no effect on H (LBF -2.7), S (LBF -0.4) or R
(LBF -1.9) . Similarly, there is no effect of choice set con-
ditions on N. This seems to indicate that people are not sus-
ceptible to differential cost framing effects and adequately ac-
count for segregated costs and translation of outcomes. How-
ever, we find that risk traits are significant moderators of sus-
ceptibility to nudges. We have two measures of risk aver-
sion, a self-reported DF and elicited HL. When these two are
congruent, that is, people show both high (low) self-reported
and elicited risk aversion, the susceptibility to nudges is low-
est, at 0.04. When these are incongruent, and people self-
report higher risk aversion but elicited preferences show risk-
seeking behavior, the susceptibility to nudges is higher, at
0.06, showing a higher discounting of segregated costs. Most
interestingly, when these are incongruent, and people self-
report lower risk aversion but elicited preference show higher
risk aversion, the susceptibility to nudges is in the reverse di-
rection, at -0.11. This can be interpreted as an over-weighting
of segregated costs, leading to a nudge away from choices that
had a higher framing effect. The combination of risk congru-
ency and self-reported risk aversion have a significant (LBF
4.7) effect on susceptibility to nudges, and represents a source
of significant heterogeneity.

(5) How optimal is allocation behavior?

One of the most popular normative theories of resource al-
location is modern portfolio theory (MPT), characterized by
mean-variance optimization (Markowitz, 1952). It states that
people should select weights that optimize the balance be-
tween the expected value and standard deviation of the re-
sulting portfolio. The optimization is a function of a risk fol-
erance factor Q, with lower values of Q indicating preference
for safer portfolios and high values of Q indicating preference
for riskier portfolios. Given a set of prospects, the theory pro-
poses an efficient frontier of possible weight allocations that
result in optimization between the desired portfolio mean (V)
and variance (standard deviation D). Given an implicit objec-
tive to maximize V and minimize D, the frontier represents
portfolio choices such that no other combination of weights
can result in an increase in V without an increase in D, or a
decrease in D without a decrease in V. Note that the efficient
frontier does not depend on risk preference Q, but where the
selected portfolio lies along the efficient frontier is dependent
on the individual preference parameter Q. The set of weights
(x) on the efficient frontier for a particular value of Q can be
found by minimizing the expression : x’ £ x — Q E”x. Here
E is a vector of expected returns on the individual prospects
and X is the covariance matrix for the returns on the prospects.

Actual portfolios constructed by participants may not lie
on the efficient frontier. For any observed portfolio allocation
we can calculate the minimum distance of the observed port-
folio characteristics from the efficient frontier, which gives
the smallest distance to optimality. This distance is dependent
on the mean and SD values of individual prospects within a
choice set. To enable comparison across choice sets and ana-
lyze the impact of factors we calculate the ratio of minimum
distance to optimality for the observed portfolio to the largest
possible minimum distance to optimality for any combination
of weights in the choice set. This is denoted as MPT-error, dg.
The risk tolerance value corresponding to the closest point on
the efficient frontier is denoted Qg, and can be inferred to be
the risk tolerance level for that choice. Note that in SOSD tri-
als, all prospects have the same EV, and the efficient frontier
is a single point that coincides with 100% allocation to the
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safest prospect. Thus, SOSD trials provide a parameter free
estimate of dg, but do not allow an estimate for Q.

Table 1 provides the mean MPT-error and risk toler-
ance levels by design factor levels. Conducting a Bayesian
ANOVA analysis and comparing against a null model that in-
cluded participants as random effects, we find evidence for
the effect of SOSD (LBF ), domain (LBF o), and skew
(LBF 2.3) on de. We find evidence for the effect of domain
(LBF 36.7) and cost framing (LBF 1.1) on Q¢. The distance
to optimality de measured as a percentage of the largest pos-
sible distance to optimality has a mean of (31%; 18%) for
SOSD and non-SOSD choice sets; (31%; 18%) for gains and
mixed domains; and (24%; 22%; 27%) for no skew, nega-
tive skew and positive skew choice sets. As a comparison, dg
for a 1/N portfolio would be (28%; 13%) for SOSD and non-
SOSD sets, (25%; 16%) for gains and mixed domains, and
20% for all skew sets. On an average, the actual allocations
that people make are less optimal from a mean-variance op-
timization standpoint than what a simple 1/N heuristic would
result in. The mean dg is (22%; 26%; 25%) in the no-framing,
and 2 framing conditions. Although the differences are not
statistically significant, directionally, framing conditions lead
people further away from mean-variance optimality.

The mean inferred risk tolerance Q. is 20 in the gains
domain and 107 in the mixed domain, indicating that risk
tolerance is highly contextual, rather than a stable trait.
The mean inferred value of risk tolerance Qg is 67 in the
no-framing condition, 76 in the higher-riskier-framing condi-
tion, and 48 in the higher-safer-framing condition, reflecting
sensitivity of risk tolerance to framing effects. Measures of
risk traits (SL, HL, DF) do not have any effect on the closest
distance to optimality. Evidence is inconclusive (LBF 0.9)
for the effect of SL on Q.

Conclusion

The key findings can be summarized as: (1) Only a very small
subset of participants follow a naive diversification or 1/N
heuristic. (2) Design factors such as domain, skew and SOSD
across options influence the allocation that people make in ex-
treme (safest or riskiest) prospects, directionally similar to the
effect that these factors have in single choice gambles. (3) We
show that individual traits traditionally linked to risk propen-
sity seem to manifest in terms of the degree to which people
are inclined to diversify. Lower risk aversion and higher risk
seeking traits are linked to increasing diversification. These
traits do not seem to be consistently linked to risk tolerance
when measured within the MPT framework, and do not seem
to influence the relative levels of risk and safety observed in
resource allocation behavior. The results are counter-intuitive
to the popular notion that diversification is linked to a reduc-
tion of risk. (4) We find that cost framing nudges affect the
level of diversification. While the effect of nudges seems in-
significant at an overall level, a deeper analysis shows trait-
based clusters. We find that risk congruency, whether peo-

ples’ elicited and self-reported risk aversion are congruent, is
a strong moderator for susceptibility to nudges. We find evi-
dence for heterogeneous clusters where people either under-
weight or over-weight segregated costs leading to the same
nudge producing opposite behavioral results in the two risk
incongruent groups. (5) We find that people are not optimal
under a mean-variance optimization objective, and that on an
average, a 1/N heuristic is closer to mean-variance optimiza-
tion than the actual observed behavior.
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