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Career choice under uncertainty

February 2016

Contemporary theoretical literature on occupational choice consists mostly of models
that treat choice outcomes as either deterministic or risky. This paper proposes taking
a slightly more realistic perspective by constructing a general occupational choice
model on the basis of the assumption that outcomes are partially uncertain such that
some reward distributions are unknown. The change in perspective yields some major
advantages: Learning and career trajectories, which in general cannot be generated by
models with deterministic or risky rewards, become a natural feature of the dynamic
solution of sequential occupational choice problems. Furthermore, earnings-puzzle-like
observations can be explained by sufficiently high uncertainty aversion, as uncertainty
aversion has a significant impact on learning. In addition, central model predictions
are consistent with data on relative choice frequencies and enterprise death rates.

JEL CLASSIFICATION: D81, D83, L26, C63
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1 Introduction

Modeling that explains career choices is a central focus of labor economics. In
the literature, there are various occupational choice models (see, e.g., Lucas 1978;
Kihlstrom & Laffont 1979; Holmes & Schmitz 1990; Lazear 2005; Roessler & Koellinger
2012) explaining why some individuals become wage workers and why some individ-
uals decide to start an own business, thus, becoming entrepreneurs. However, most
models (for instance, all of the aforementioned models) assume that once a deci-
sion for entrepreneurship or wage work is made, individuals stay in their selected
occupation until the end of their careers. A consequence of the assumption that
decisions are final is that the theoretical literature neglects mixed career trajectories,
where careers can include spells in multiple occupations. Mixed careers—a mixture
of spells in entrepreneurship, wage work, and unemployment—are, however, com-
mon in empirical data (see Ferber & Waldfogel 1998; Williams 2000; Arum & Müller
2004). As career patterns shift from long-term employment in one firm to greater
mobility between firms and occupations (see Arthur 1994; Hall & Moss 1998; Valcour
& Tolbert 2003; Granrose & Baccili 2006; Sullivan & Baruch 2009; Biemann, Zacher &
Feldman 2012), mixed careers can be assumed to become even more common and
important in the future. An additional empirical regularity that is hard to explain
with most contemporary occupational choice models is the earnings puzzle: That is,
the observation that a large share of entrepreneurs could earn more in dependent
employment but they do not choose to do so (Hamilton 2000; Astebro & Chen 2014).

In this contribution, I argue that the inconsistency between theory and empirical
evidence is significantly reduced if we alter one basic modeling assumption. All of
the models mentioned so far are constructed under the assumption that occupa-
tional choices are made in a deterministic or risky choice environment.1 However, it
is more realistic to assume that the choice environment has at least some elements
of uncertainty. A good example is entrepreneurship, as it is reasonable to assume
that entrepreneurial incomes are not deterministic but rather draws from some
distribution; an assumption that is consistent with risk and uncertainty but not
with deterministic incomes. A risky entrepreneurial environment would imply that
income distributions in entrepreneurship are perfectly known. This is unrealistic as
a general assumption since the distribution of rewards from entrepreneurship de-
pends on many factors individuals cannot fully anticipate. Innovative entrepreneur-
ship is essentially all about trying something never done before, with the implication
that even the distribution of rewards from entrepreneurship might be unknown.

A similar argument applies to the distribution of rewards from wage work. Wage
workers do not have full control over their careers. The probability to be promoted
or to lose one’s job can depend on factors that are not fully transparent to workers,
but these factors can be important for income distributions. Furthermore, many
skills wage workers need are acquired by formal training in schools or universities in
controlled settings. Formal training and real-world situations can be quite different.

1There are few models not using one of the two assumptions that are discussed in Section 2.
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For instance, the stress level in real-world situations can be much higher than in
controlled settings. Consequently, some important skills affecting rewards in wage
work can only be revealed by actually performing some tasks on the job. Antonovics
& Golan (2012) show that occupational-choice patterns and wage growth are consis-
tent with the assumption that jobs only gradually reveal information about unknown
workers’ skills. Unknown distributions do not require that there is no information
at all. Usually, there is some prior information about occupational options and this
information is updated as new information is obtained.

The model I construct in this paper is the first adaption of the multi-armed
Bayesian bandit problem to general occupational choice. A bandit model is a stylized
representation of a sequential decision problem where arms of a bandit machine
represent some options with unknown payoff distributions. Individuals (gamblers)
obtain information about the reward distribution of a particular option by selecting
it and observing the outcome. Given some assumptions on the time horizon and
discounting of rewards, a gambler has to decide which arm (occupational option)
to select in every period and, especially, when to switch between arms conditional
on new information (see Gittins, Glazebrook & Weber 2011).

An occupational choice model based on the bandit approach has a number of
interesting features. First, with the help of the model uncertainty can be discussed in
a systematic Bayesian framework. Second, assuming that some choice outcomes are
uncertain automatically induces learning. As learning processes are paralleled by
transitions from entrepreneurship to wage work and vice versa to obtain information,
the model generates mixed careers including spells in different occupations. Third,
introducing uncertainty aversion into the model is a simple approach to discuss
learning efficiency—it is, for example, intuitively plausible that uncertainty-averse
individuals avoid experimenting with occupations. Lastly, the bandit is the simplest
theoretical device to depict the tradeoff between exploitation and exploration inher-
ent in occupational choice, as the problem of finding the best occupational option
(the exploration element) and generating a high-enough income (the exploitation
element) must be solved simultaneously.

This paper concentrates on a general formulation of an occupational choice
model where the success probability in an occupation is treated as a model prim-
itive. It is also possible to formulate a model where success probabilities depend
on some lower-level determinants. In effect, the general formulation can be com-
bined with a less general static occupational choice model to yield a more refined
dynamic occupational choice model. Yet, even the general formulation delivers
interesting results. The main finding is that high uncertainty aversion can generate
two effects of particular interest. (1) Highly uncertainty-averse individuals do not
transition enough; and when they transition, they transition rather inefficiently
compared to optimal behavior, which is in line with empirical observations. (2)
In a setting with high uncertainty aversion, the number of entrepreneurs can be
permanently too high compared to optimal learning. This effect is produced by a
combination of misleading prior knowledge, characterized by overconfidence with
respect to entrepreneurship, and sufficiently high uncertainty aversion reducing
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learning efficiency. The second effect implies that the earnings puzzle has a simple
and empirically credible explanation: entrepreneurial overconfidence combined
with high uncertainty aversion.

As the bandit model allows for the derivation of predictions with respect to choice
frequencies and entrepreneurial survival (or death) rates, I test two central model
predictions using, inter alia, data from the Global Entrepreneurship Monitor, the
World Bank, and research of Hofstede, Hofstede & Minkov (2010) on cultural dimen-
sions. The first prediction is that the propensity to avoid the most uncertain option
is increased by the level of uncertainty aversion. The second prediction, where the
underlying effect is also responsible for the earnings puzzle, is that higher uncer-
tainty aversion is associated with higher entrepreneurial survival rates, as increasing
uncertainty aversion reduces learning efficiency and the probability to transition
from one occupation to another. I find evidence for both predictions in data.

The remainder of the paper is organized as follows. In Section 2, I review previous
research related to my model. Section 3 depicts the model’s setup. In Section 4, I
discuss decision rules. Section 5 gives an in-depth examination of occupational
choice behavior in a partially uncertain decision environment. In Section 6, I show
that two central predictions of the bandit model are consistent with data. Section 7
concludes. The Appendix provides proofs not included in the main text, additional
results on empirical validity, and data characteristics.

2 Related research

In this paper, I combine, and partially extend, three strands of research. More
specifically, I build upon research on occupational choice, research on multi-armed
bandits, and research on uncertainty aversion.

OCCUPATIONAL CHOICE: THEORY AND EMPIRICS. I discuss three aspects of research
on occupational choice: occupational choice theory, the earnings puzzle and its
possible explanations, and empirical evidence on career trajectories.

Occupational choice models provide different sophisticated explanations for why
individuals become entrepreneurs or wage workers. Lucas (1978) puts emphasis on
entrepreneurial talent. Kihlstrom & Laffont (1979) show that entrepreneurs need
to be more risk tolerant than wage workers. Holmes & Schmitz (1990) point out
that entrepreneurs are opportunity seekers. Lazear (2005) argues that entrepreneurs
are jacks-of-all-trades, while workers are specialists.2 Roessler & Koellinger (2012)
explain the emergence of entrepreneurs in a job matching model, where individuals
who are best managed by themselves and not by others become entrepreneurs. All of
the aforementioned models have two features. First, they operate with deterministic
(for instance, Roessler & Koellinger 2012) or risky (for instance, Kihlstrom & Laffont
1979) rewards. Second, the models are not constructed to explain career trajectories.

2See Wagner (2006) and Stuetzer, Goethner & Cantner (2012) for empirical evidence on Lazear’s
predictions.
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I contribute to the theory of occupational choice by introducing a new model oper-
ating with uncertain rewards. To be more precise, I assume that reward distributions
of some occupational options are unknown but I also assume that individuals are
Bayesian learners reducing uncertainty by selecting unknown options and updating
information on the basis of observed rewards.

There are few models with learning components in the literature. For instance,
in the model of MacDonald (1988) predictions on the distribution of rewards are de-
rived from an information accumulation process. However, existing learning models
do not answer an important question: What determines learning efficiency? In the
model presented in this paper, learning efficiency is a function of the psychological
variable uncertainty aversion. In this way, my model not only explains how indi-
viduals learn but also why different individuals can arrive at different conclusions
given the same learning time and information, which is important to explain an
observation like the earnings puzzle.

The earnings puzzle is based on the counterintuitive observation that a large
share of entrepreneurs could earn more in wage work (Hamilton 2000; Astebro &
Chen 2014), raising the question of why entrepreneurship is selected when wage work
generates higher payoffs. Moreover, entrepreneur cohorts tend to permanently earn
less than employees (Astebro & Chen 2014), such that income differences are not
reduced over time. To my best knowledge, the only model with learning components
able to replicate the earnings puzzle is Astebro, Chen & Thompson (2011). However,
the model of Astebro et al. (2011) has a significant weakness as according to it the
only reason to start an own business is the inability of the market to frictionlessly
assign workers to firms or workers to tasks. If the assignment mechanism would be
frictionless, no individual would have an incentive to transition to entrepreneurship.
Consequently, entrepreneurs generated by the Astebro et al. (2011) model are rather
of limited interest as the model only generates necessity entrepreneurs, selecting
entrepreneurship because of the lack of other good options, and ignores other types
such as opportunity entrepreneurs.3

An alternative way to explain the earnings puzzle are non-monetary rewards.
Blanchflower (2000), Hundley (2001), Benz & Frey (2008a), and Benz & Frey (2008b)
demonstrate that entrepreneurs experience greater job satisfaction than wage work-
ers. Thus, the earnings puzzle might be explained by permanent non-pecuniary
gains, such as overall job satisfaction, that are higher for entrepreneurs than for
wage workers but are not reflected by purely monetary variables such as earnings.4

However, no occupational choice model known to the author accounts for non-
monetary rewards. This is an important gap in the theory on occupational choice
that needs to be addressed.

In this paper, I argue that a simple explanation for the earnings puzzle, very much
overlooked in the literature, is that entrepreneurs are overconfident (Busenitz &

3In addition, the Astebro et al. (2011) model is not “fully closed” because it does not provide an
explanation for the origin of firms if assignments are frictionless.

4There are also alternative explanations like a systematic under-reporting of entrepreneurial incomes
by the self-employed (see Astebro & Chen 2014).
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Barney 1997; Camerer & Lovallo 1999; Bernardo & Welch 2001; Koellinger, Minniti &
Schade 2007) and uncertainty-averse (see Hofstede et al. 2010). The synergy between
entrepreneurial overconfidence and uncertainty aversion plays a central role in the
explanation of the earnings puzzle in my model.

Occupational choices are not final decisions. Burke, FitzRoy & Nolan (2008) show
that pure entrepreneurial careers—an individual is an entrepreneurs over her whole
career—are outnumber by mixed careers—individuals combine entrepreneurship
and wage work spells. In the same vein, Williams (2000) finds that a substantial
share of US employees has previous self-employment experience (also, see Ferber &
Waldfogel 1998; Arum & Müller 2004).

Figure 1a shows the relative frequency of quarters (three months) in self-
employment on the basis of calculations provided by Burke et al. (2008), drawing
data from the UK National Child Development Study for the years 1991–2000. Individ-

FIGURE 1: Observations on self-employment spells

0.0

0.2

0.4

0.6

0.8

0 1-8 9-16 17-24 25-32 33-38

Quarters category

R
e

la
ti

v
e

 f
re

q
u

e
n

cy

Relative frequencies of

quarters in self-employment

(a) Relative frequencies of time spent
in self-employment

0.00

0.25

0.50

0.75

1 2 3 or more

Number of spells

R
e

la
ti

v
e

 f
re

q
u

e
n

cy
Relative frequencies of

self-employment spells

(b) Relative frequencies of self-
employment spells conditional on at
least one spell

SOURCE: See Burke et al. (2008), especially Table 1 and 2 based on UK National Child Development Study (data for the years
1991–1999/2000).

uals with zero quarters in self-employment are “die-hard wage workers” who did not
have an own business in the given time frame. The category of 33–38 quarters in en-
trepreneurship represents “die-hard entrepreneurs” who were mostly self-employed
in the given time frame. As we can see in Figure 1a, there is a significant share of
individuals of approx. 10% who are not in any “die-hard category,” i.e., they are
neither pure wage workers nor pure entrepreneurs.

Figure 1b depicts the relative frequency of self-employment spells conditional
on at least one spell (the data source is the same as in Figure 1a). The number of
self-employment spells is a proxy for transitions between occupations: To generate
a new self-employment spell, an individual must change occupations for at least
a short period of time.5 According to Figure 1b, the overwhelming majority of en-
trepreneurs generates only one spell. Yet, approx. 12% generate more than one spell.

5Note, however, that some entrepreneurs, for instance, serial entrepreneurs, might start new busi-
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Using Figure 1, I draw the following conclusion: Although mixed careers are rela-
tively common and should be accounted for, the observable number of transitions
between occupations is relatively low.

MULTI-ARMED BANDITS. The multi-armed bandit problem, as described in the intro-
duction, provides a particularly suitable method to discuss uncertainty in occupa-
tional choice. Economic theory is aware of the bandit problem but there are only
few adaptations. Rothschild (1974) uses a two-armed bandit to demonstrate that
price distributions can exist even when costs and demand are identical across firms
and markets. Jovanovic (1979) shows that employee turnover can be an unavoidable
consequence of learning processes. Bergemann & Hege (2005) employ bandits to
examine best financing rules for research projects with unknown success outcomes
and unknown length. My contribution to research on multi-armed bandits is to
apply the bandit approach to general occupational choice. This approach allows
for the derivation of results on transition and learning efficiency not obtainable in
occupational choice models without uncertain components.

UNCERTAINTY AVERSION AND ITS IMPACT. The attitude towards uncertainty is the
central variable of my model. To avoid a model operating in an empirical vacuum,
it might be convenient to scrutinize empirically observed uncertainty preferences.
I concentrate on the cross-cultural dimension since it is better researched than
intra-cultural differences in uncertainty preferences. The most prolific study evalu-
ating cross-cultural differences in uncertainty avoiding behavior was conducted by
Hofstede et al. (2010). Hofstede et al. (2010) assess uncertainty-avoiding behavior
with the assistance of the following three questions answered by IBM employees:6, 7

(Q1) “How often do you feel nervous or tense at work?”
(Q2) The level of agreement with the following statement: “Company rules

should not be broken—even when the employee thinks it is in the
company’s best interest.”

(Q3) “How long do you think you will continue working for IBM?”

According to Hofstede et al. (2010), a society has a high level of uncertainty aversion if
members of this society often feel nervous at work (answer to [Q1]), society members
want rules to be respected (answer to [Q2]), and members of such a society are
reluctant to change their employer (answer to [Q3]). Hofstede et al. (2010) construct
an index capturing attitudes towards uncertainty based on country-specific mean
scores provided by answers to question (Q1)–(Q3).

Figure 2 shows relative frequencies of the categories “low,” “moderate,” and “high”
uncertainty aversion, on the basis of uncertainty aversion indices from 69 different
countries. As can be clearly seen in Figure 2, the high-aversion group dominates,

nesses without ever changing the occupational status ’self-employed,’ such that spells may overesti-
mate the number of transitions.

6For the three questions, see page 190 of Hofstede et al. (2010).
7Respondent groups not consisting of IBM employees generate results strongly correlated to results
obtained by questioning IBM employees (see Huang 2008).
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FIGURE 2: Relative frequencies of low, moderate, and high uncertainty aversion
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while the low-aversion group has the lowest relative frequency. Thus, I expect un-
certainty aversion to be high while analyzing my model.

Research shows that uncertainty aversion has an impact on a number of variables.
Without trying to provide a complete overview but only some examples: Huang
(2007) shows that countries scoring higher on Hofstede’s uncertainty aversion index,
indicating higher aversion, export less to distant countries. Huang (2008) provides
evidence that countries with higher uncertainty aversion grow slower in industrial
sectors where information is scarce. Ramírez & Tadesse (2009) demonstrate that
firms in countries with higher uncertainty aversion hold more cash. Inklaar & Yang
(2012) show that financial crises have a stronger negative effect on investment in
countries with higher uncertainty aversion.

I contribute to research on the impact of uncertainty aversion by adding a new
effect to the literature: Uncertainty aversion may influence occupational choice
decisions, and even more so, uncertainty aversion might explain phenomena like
the earnings puzzle.

Summarizing strands of research relevant for the paper at hand, I find that most
models in the literature on occupational choice operate with deterministic or risky
rewards and do not aim to explain multiple transitions between occupations. By
combining the strand of research on occupational choice and the strand of research
on multi-armed bandits, I introduce a new model type with unknown stochastic
rewards that is able to generate multiple transitions.

Contemporary occupational choice models do not provide a satisfactory explana-
tion for the earnings puzzle. To obtain results consistent with the earnings puzzle, I
draw on research on uncertainty-aversion effects, a third strand of research relevant
for my paper. I contribute to the literature examining the earnings puzzle by showing
that sufficiently high uncertainty aversion results in earnings-puzzle-like observa-
tions in an occupational choice model with partially unknown rewards. Empirical
observations provide evidence for high uncertainty aversion and a low number of
transitions between occupations. I use the joint evidence on uncertainty-aversion
levels and transitions to access the plausibility of model predictions.
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3 The model

I consider an occupational choice model with a representative individual and par-
tially unknown reward distributions. As this type of models can be most precisely
expressed in the language of multi-armed bandit problems, I alternate between
the terminology of occupational choice and bandit problems (gambling) through-
out the paper. First, I introduce the model’s setup. The model relies on a rather
non-traditional outcome formulation with successes and nonsuccesses as rewards.
Therefore, secondly, I discuss the type of rewards used in the model and relate it to
conventional monetary rewards. Then, I examine the formation process of beliefs,
thereby, finalizing the setup.

3.1 Setup

Think of a casino with a bandit. The bandit has three arms. Arm w represents wage
work; arm e is entrepreneurship; and arm u is unemployment. Thus, there is a set
of occupational options O := {e, w, u}. Sometimes, it is more convenient to use a
smaller set of options O−u := O \ u = {e, w }.

A gambler can play the bandit in every time period from 1 until infinity, where
time periods are indexed by t ∈ {0, 1, 2, . . . }. The three arms are independent.
Only one arm can be selected in a particular period (an individual must not have
more than one occupation at the same time). But, one arm must be pulled (an
individual must have some occupation including unemployment). If the gambler
selects an option i ∈ O in some period, I also say that the gambler samples from
i ∈ O. Switching from one arm to another does not result in any direct costs. If one
arm is pulled, the remaining arms rest and cannot be observed (an individual can
only gain information about an occupation by selecting it). Pulling an arm yields
a reward: either a success, represented by π = 1, or a nonsuccess, represented by
π = 0. Wage work generates an i.i.d. reward sequence

�
Πw,t

	∞
t=1 (π is a realization of

Π) drawn from a Bernoulli distribution with probability mass function

f (π; φw ) = φπw (1 − φw )1−π for π ∈ {0, 1}
where φw ∈ (0, 1) is the success probability of wage work. Similarly, entrepreneurship
generates an i.i.d. reward sequence

�
Πe,t

	∞
t=1 drawn from a Bernoulli distribution

with probability mass function f (π; φe ) where φe ∈ (0, 1) is the success probability
of entrepreneurship. Unemployment generates a nonsuccess with probability 1 in
all periods.
Πw , Πe , and the unemployment reward Πu,t = 0 cannot be observed in the same

period. What can be observed is the result of using one particular arm (selecting a
particular occupational option) in every period represented by the sequence {Πt }∞t=1.
The gambler geometrically discounts rewards with a factor δ ∈ [0, 1), where 1 − δ is
the probability that at any given time the casino will close (equivalent to death or
inability to work).

Parameters φw and φe are unknown. I assume that there is some prior knowledge



CAREER CHOICE UNDER UNCERTAINTY 9

such that a prior on φw , respectively a prior on φe , can be specified. In fact, not
knowing at least one parameter makes the decision problem more interesting since
it does not allow for too simple decision strategies. For instance, in order to explore,
i.e., to obtain new information, the gambler might be compelled to give up some
allegedly secure income. Let xi,0 denote initial, imperfect, prior information about
option i ∈ O−u . (Unemployment is a deterministic option such that information
about it is always perfect.) Imperfect information is updated after every decision
round. Consequently, there is information xi,t about every option i ∈ O−u in every
period t ∈ {0, 1, . . . }. Let Xt := (xe,t , xw,t ) denote all information in a certain
period.

Individuals are required to select a deterministic decision rule {dt }∞t=1 that
specifies how to choose in every period. dt ∈ O indicates the choice in period
t ∈ {1, 2, . . . }. Rules continuously mixing are not allowed but mixing in a specific
situation (for instance, a tie) is permitted. dt can depend on all previous decisions
dt−1, dt−2, . . . , d1 and all past observations πt−1, πt−2, . . . , π1 that are both captured
by informationXt , where the initializationX0 does not necessarily depend on actual
decisions; and some additional parameter vector λ reflecting preferences, etc. It is
assumed that the gambler follows an index rule. In every period t > 0, the gambler
constructs an index ri (Xt ;λ) ∈ R for every option i ∈ O and selects the option with
the largest index in the next period. Let

O∗t := {i ∈ O : ri (Xt ;λ) = max{re (Xt ;λ), rw (Xt ;λ), ru (Xt ;λ)}}
and

dt , r := dt (re (Xt−1;λ), rw (Xt−1;λ), ru (Xt−1;λ))
Thus, we have

dt , r =



O∗t−1 if |O∗t−1 | = 1
each i ∈ O∗t−1 with probability 1

|O∗t−1 | if |O∗t−1 | > 1
(1)

Equation (1) can be further simplified by assuming that if |O∗t−1 | > 1 and u ∈ O∗t−1,
we should select dt , r = u—as unemployment is a no-effort option, while all other
option require a certain effort.

Every decision d1, r, d2, r, d3, r, . . . will be associated with a reward Π(dt , r) ∈ {0, 1}.
The success history of an individual’s career is given by

Sr :=
∞∑

t=1
δt−1

Π(dt , r) (2)

In this paper, I use the setup above to answer the following five questions:

1. What is the optimal strategy in a decision environment with elements of uncer-
tainty, i.e., the decision rule maximizing the expected value of (2) conditional
on prior information X0, and what properties does the optimal decision rule
have?
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2. How do individuals constrained by uncertainty aversion decide and what
properties does their behavior exhibit, especially in comparison to the optimal
rule?

3. How does uncertainty aversion affect the propensity to select relatively less
uncertain options? Here: The deterministic option u is of particular interest.

4. How does uncertainty aversion affect the correction of overconfidence with re-
spect to entrepreneurship or, put differently, what is the impact of uncertainty
aversion on learning efficiency?

5. How are transitions from one occupation to another affected by uncertainty
aversion?

The answers to the five questions provide a benchmark in the form of optimal de-
cisions; they provide intuition into negative effects of uncertainty aversion; they
provide explanations for observations like the earnings puzzle; and they also gener-
ate a number of testable predictions.

3.2 Reward types

Instead of rewards obeying a Bernoulli distribution, we could also assume monetary
rewards. Put differently, we could assume the following: Wage work generates an
i.i.d. income sequence

�
Vw,t

	∞
t=1 drawn from a distribution Ψw (θw ) whereVw,t ∈ R

+.
Entrepreneurship generates an i.i.d. income sequence

�
Ve,t

	∞
t=1 drawn from a dis-

tribution Ψe (θe ) whereVe,t ∈ R. Pulling the unemployment arm results in a fixed
outcome, unemployment benefits or residual income, vu ∈ R

+. We cannot observe
realizations ofVw,t andVe,t at the same time but we can observe realizations of a
sequence {Vt }∞t=1 resulting from using a particular option in every period. Param-
eter vectors θw and θe are unknown but we can assume that there is some prior
knowledge allowing the construction of prior distributions.

It is possible to link the formulation with monetary rewards to the Bernoulli-
rewards formulation. Since success is a relative concept, we can use the secure
unemployment benefit, or residual income, vu , to distinguish successes from non-
successes. Let π− ∈ R+ denote a threshold value. Note that it is possible to define
option-specific thresholds: π−w, π−e , π−u ∈ R+. A success can, for instance, be defined
by

πt =



1 if vt − vu > π
−

0 if vt − vu < π
−

where vt is a realization ofVt ; and thresholds are assumed to be equal across options.
This threshold definition of success simply states that if we scale down or under-
standing of success to a binary judgment, success in occupation i ∈ O is equivalent
to the presence of an adequate monetary margin between residual income and the
monetary income obtained in occupation i ∈ O. Hence, the formulation with mon-
etary rewards can be transformed into a formulation with success rewards, while
the nature of the problem remains the same, as the gambler has to decide which
occupation to select given that incomes are drawn from unknown distributions.
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An additional aspect of the formulation with success rewards deserving attention
is that it works with monetary and non-monetary incentives, and, thus, accounts
for the importance of non-monetary rewards, because monetary and non-monetary
incomes can be both transformed into a success variable. For instance, if we would
like to model the effect of being your own boss, we could assume that the margin
demanded for entrepreneurship is smaller than the margin demanded for wage
work, i.e., π−e < π−w . This particular way to implement non-monetary aspects has the
advantage that it does not introduce any conceptually new or ad hoc variables.

3.3 Formation of beliefs

I now model how beliefs about success probabilities are formed. Based on the for-
mation process of beliefs, I introduce three measures to describe information about
success probabilities: a measure of the amount of information denoted by γ(x);
the expected probability to succeed, µ(x); and the variance of information about
the probability to succeed, σ(x)2, which plays a prominent role in the definition of
uncertainty given in the next section.

Let φ ∈ (0, 1) denote the unknown success probability of an arbitrary occupa-
tional option, excluding unemployment. Success Π obeys a Bernoulli distribution
such that a success is returned with probability φ and a nonsuccess with probability
1 − φ; and such that Ef (π;φ)[Π] = φ. We assume that φ is unknown but we let the
gambler have a prior on φ. Furthermore, assume that the prior is beta. The beta
distribution has the advantage that it is a proper conjugate prior in this setting.
Hence, we have

φ|α, β ∼ B(α, β) (3)

where B denotes the beta distribution, and α > 0 and β > 0 are two hyper-
parameters. The beta distribution has density B(α, β)−1φα−1(1 − φ)β−1, where
B(α, β) := ´ 10 xα−1(1 − x)β−1dx is the beta function.

How will prior beliefs change if the gambler observes a one-period success or
nonsuccess? Let P(φ) = B(α, β)−1φα−1(1−φ)β−1 denote our prior belief and P(π |φ) =
φπ(1 − φ)1−π denote the likelihood of observation π ∈ {0, 1}. According to Bayes’
rule, the posterior is

P(φ|π) = P(π |φ)P(φ)´ 1
0 P(π |φ)P(φ)dφ =

φ[α+π]−1(1 − φ)[β+1−π]−1
B(α + π, β + 1 − π)

corresponding to the density of a beta-distributed variable with parameters α + π
and β + 1 − π. Hence, beliefs about success probability φ are updated according to

B(αt , βt ) −→



B(αt+1 = αt + π, βt+1 = βt + 1 − π) if π observed
B(αt+1 = αt , βt+1 = βt ) if π not observed

(4)

As the hyperparameters α and β fully describe the distribution of the success prob-
ability, we assume that xi,t = (αi,t , βi,t ) for all i ∈ O−u .
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The hyperparameters and their updates are straightforward to interpret. Think
of αt and βt as of two checklists evolving over time. α represents the number of
successes and β the number of nonsuccesses. Given a success, α is increased by
1 and β stays constant. Given a nonsuccess, α stays constant and β is increased
by 1. Initial parameters x0 = (α0, β0) are determined by pseudo observations (e.g.,
some historical data). A pseudo observation is, for instance, the success history of
a peer who is considered to be similar with respect to some aspects (for instance,
skills) important for occupational choice. However, pseudo observations are not
necessarily generated by the same reward distribution as actual observations πe,t

and πw,t .
The checklist character of the hyperparameters allows the construction of simple

measures. Let
γ(x) := α + β (5)

Since every observed period either increases α or β, γ(x) is a deterministic measure
of the amount of information. The expected success probability is the number of
successes divided by the number of observations:

µ(x) :=
ˆ 1

0
φf (φ;x)dφ = α

γ(x) (6)

The variance of the information about the probability to succeed can be measured
by

σ(x)2 :=
ˆ 1

0
[φ − µ(x)]2 f (φ;x)dφ = µ(x)1 − µ(x)

1 + γ(x) (7)

An interesting point is how expectations and variance will develop given a success
or nonsuccess. It is easy to see that a success strictly increases, µ(α+1, β) > µ(α, β),
and a nonsuccess strictly decreases, µ(α, β + 1) < µ(α, β), the expected success
probability. The effect on variance depends on the ratio of successes to nonsuccesses.
If the number of successes is much smaller than the number of nonsuccesses, the
gambler will expect a nonsuccesses rather than a success.8 In such a situation,
a success will increase the variance. A similar statement holds for the effect of a
nonsuccess.

4 Rules for occupational choices under uncertainty

How will individuals solve their occupational choice problems given that outcomes
are partially uncertain? In the first part of this section, I examine optimal decisions
maximizing the expected sum of rewards given prior information. Then, I construct
a decision rule accounting for uncertainty preferences in the second part of the
section.

8More precisely, if α < ([9β2+10β+1]1/2− β−1)/4, a success will increase the variance: σ(α+1, β)2 >
σ(α, β)2.
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4.1 Decisions maximizing expected rewards

Themost simple approach to evaluate the impact of preferences towards uncertainty
is to compare uncertainty-preferences-affected decisions to optimal decisions. A
prerequisite of such an approach is the existence of an optimal decision rule. A
decision rule is said to be optimal if it induces decisions d1, d2, . . . maximizing the
expected sum of discounted successes

S := E



∞∑
t=1

δt−1
Π(dt )|xe,0, xw,0


(8)

given some prior information xe,0 = (αe,0, βe,0) and xw,0 = (αw,0, βw,0). The best
explanation of how to derive an optimal rule maximizing S, which is simultaneously
a proof of optimality, is presented by Weber (1992) and reproduced in Gittins et al.
(2011).

PROPOSITION 1. (Optimal decision rule) The optimal decision rule is an index rule
selecting the option i ∈ O with the largest index gi (Xt ) in every period t + 1.9 Indices
can be computed separately for each option such that gi (Xt ) = g(xi,t ). The index is
the solution of the following optimal stopping problem:

g(xi,t ) = sup
ts>t




E
�∑ts

k=t+1 δ
k−1Πi,k |xi,t

�

E
�∑ts

k=t+1 δ
k−1 |xi,t

�



(9)

Proof. See Gittins et al. (2011) or Weber (1992). �

Gittins & Jones (1974) were the first to solve the Bayesian multi-armed bandit
problem with Bernoulli outcomes. Hence, we can refer to g(x) as the Gittins index.
Given an optimal stopping time ts , the Gittins index in (9) is the ratio between the
expected sum of discounted rewards and the expected sum of “discounted time.”

As unemployment is a known deterministic option, we get

g(xu,t ) = max
ts>t




∑ts

k=t+1 δ
k−1Πu,k∑ts

k=t+1 δ
k−1



= 0 for all t

In the more general case of a stochastic option with an unknown success probability,
the index does not have a known closed-form solution such that we have to rely on
numerical approximations. Gittins et al. (2011) present different ways to approximate
the index. A special case is myopia. If the probability to continue for one more
period is δ = 0, it is optimal to select the option with the largest expected success
probability or g(xi,t ) = µi,t .10

9Note that rule g is not simply the optimal index rule but also the best of all possible deterministic
rules (the best deterministic strategy) for the bandit model.

10The result stems from the fact that if δ = 0, there will be no incentive to explore (the game ends in
the next period). As only the incentive to exploit remains, it is optimal to select the currently most
promising option (for a formal argument, see Gittins et al. 2011).
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The Gittins index has three important properties:

PROPOSITION 2. (Properties of optimal rule) The optimal rule, i.e., the decision rule
induced by index g, has the following properties:

(PG1) (Staying on a winner) The Gittins index always stays on a winner, i.e.,
g(α + 1, β) > g(α, β).

(PG2) (Index boundaries) The Gittins index has the following boundaries:

µ(x) 6 g(x) 6 µ(x) + δ

1 − δ
σ(x)

(PG3) (Imperfect learning) The optimal rule does not result in perfect learn-
ing: There is a nonzero probability that the best option is not selected
for an infinite number of periods.

Proof. For property (PG1), see Bellman (1956). For property (PG2) and (PG3), see
Brezzi & Lai (2000). �

According to property (PG2), a Gittins-index strategy will never select unemploy-
ment, as g(xu,t ) = 0 for all t but g(xi,t ) > µ(xi,t ) > 0 for all i ∈ O−u and t . Property
(PG3), the fact that optimal learning and perfect information are not equivalent,
has one important implication: Counterfactuals constructed under the assumption
of perfect information are not an appropriate benchmark. In a realistic setting,
decision makers first need to learn what the counterfactual is. Since optimal learn-
ing does not result in the identification of the best option with a probability of
100%, even optimally behaving individuals might not decide on the basis of the best
counterfactual if success probabilities are unknown.

4.2 Decisions affected by uncertainty preferences

The optimal rule does not take into account that individuals might be uncertainty-
averse or for preferences towards uncertainty in general. Without doubt, there
are numerous ways to formalize uncertainty and uncertainty preferences.11 Addi-
tionally, uncertainty-preferences-affected behavior can manifest in different facets.
The choice of definitions below is guided by considerations of simplicity. There-
fore, uncertainty and preferences are defined in a rather general way. With respect
to preferences towards uncertainty, I only require consistency with the following
empirical result:

WEAK ELLSBERG REQUIREMENT. (WER) Individuals tend to prefer an option with a
known success probability to an uncertain option.

11The reason why I do not use traditional concepts as, for example, subjective expected utility (Savage
1954) is that they do not differentiate between risk and uncertainty. However, the difference is sub-
stantial since in case of risk reward distributions are known and learning about reward distributions
is pointless, whereas in case of uncertainty learning improves decisions.
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WER is based on Ellsberg’s (1961) findings and is general enough to capture the idea
of uncertainty aversion but does not impose a particular way to model it. First, I
construct a rule accounting for uncertainty preferences and establish some of its
properties. For a lack of a better term, I refer to the rule as the ’behavioral rule,’
to contrast it from the optimal rule, or simply as ’rule b.’ Then, I discuss empirical
validity of the rule by relating it to experimental evidence.

The first step in the construction of a rule accounting for uncertainty preferences
is the following definition of uncertainty12:

DEFINITION 1. (Uncertainty) The uncertainty of an option i ∈ O is reflected by the
standard deviation, σ(xi,t ), of the prior distribution on success probability φi . If
σ(xi,t ) > σ(xj,t ), we say that, in period t ∈ {0, 1, 2, . . . }, option i is more uncertain
than option j (and vice versa), where i , j . If an option j is not uncertain, we have
σ(xj,t ) = 0 for all t .

Using the standard deviation σ(x) to measure uncertainty is straightforward
as, according to Chebyshev’s inequality, the probability of an estimation error, i.e.,
|φi − µ(xi,t )| is larger than or equal to some φ∆ > 0, is bounded by

P
�|φi − µ(xi,t )| > φ∆	

6
σ(xi,t )
φ∆

for φ∆ > σ(xi,t )

where the boundary, σ(xi,t )/φ∆, decreases if uncertainty decreases.
It is assumed that the behavioral rule is an index rule where the option with the

largest index b(xi,t ; λ, γb) is selected in every period t + 1. In contrast to the optimal
rule (the Gittins index), the behavioral rule does not only depend on observations
xi,t = (αi,t , βi,t ) but also on a parameter λ ∈ Λ representing preferences towards
uncertainty and on a normalizing constant γb representing an uninformative state
of knowledge. In our beta-Bernoulli setting, the state with no information can be
represented by γb = α0 + β0 = 2, as this implies a uniform prior distribution, B(1, 1),
for the probability to succeed, φ.
λ is a psychological primitive. It can reflect some measure of uncertainty tol-

erance (Sherman 1974) or a measure of uncertainty avoiding behavior like the un-
certainty avoidance index developed by Hofstede et al. (2010). λ might also be
associated with the Openness factor in the Five Factor Model of personality (see
McCrae & John 1992; John & Srivastava 2001).

I assume that uncertainty preferences do not directly affect expected probabilities
to succeed and that the effect of uncertainty preferences, which is denoted by ψ(·),
is additive such that the behavioral index can be written as

b(xi,t ; λ, γb) := µ(xi,t ) + ψ(xi,t ; λ, γb) (10)

A sensible requirement is that we have ψ(xi,t ; λ, γb) = 0 if an option is not un-
certain.13 Furthermore, it is assumed that if an option is uncertain, the following

12The definition is inspired by conceptually similar definitions of risk (see, for instance, Tobin 1958).
13As an infinite amount of information is equivalent to perfect information, an additional sensible
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relations hold:

ψ(xi,t ; λ, γb) < 0⇐⇒ b(xi,t ) < µ(xi,t ) if ψ(xi,t ;λ,γb) represents
uncertainty aversion

(11)

ψ(xi,t ; λ, γb) = 0⇐⇒ b(xi,t ) = µ(xi,t ) if ψ(xi,t ;λ,γb) represents
uncertainty neutrality

(12)

ψ(xi,t ; λ, γb) > 0⇐⇒ b(xi,t ) > µ(xi,t ) if ψ(xi,t ;λ,γb) represents
uncertainty affinity

(13)

where arguments of b(xi,t ; λ, γb) not depending on time are suppressed for nota-
tional convenience.

Assumptions underlying (11)–(13) are consistent with a rather simple and general
definition of uncertainty preferences:

DEFINITION 2. (Uncertainty preferences) There are three types of attitudes towards
uncertainty (preferences are transitive):
Neutrality Given options with the same expected success probability but dif-

ferent uncertainty levels, an uncertainty-neutral gambler is always
indifferent between all options.

Affinity Given two options 1 and 2 where both options have the same expected
success probability but there is more information about option 1 than
2 and option 2 is more uncertain than 1, an uncertainty-affine gambler
will always strictly prefer option 2 to option 1.

Aversion Given two options 1 and 2 where both options have the same expected
success probability but there is more information about option 1 than
2 and option 2 is more uncertain than 1, an uncertainty-averse gambler
will always strictly prefer option 1 to option 2.

Without loss of generality, let us assume that Λ = R. Uncertainty neutrality
is represented by λ = 0. Uncertainty affinity is represented by λ ∈ R+. Finally,
uncertainty aversion is represented by λ ∈ R−. Uncertainty neutrality can be used
as a reference point to construct absolute uncertainty aversion: An individual 1
is assumed to be more uncertainty averse than an individual 2 if λ1 < λ2 where
λ1, λ2 ∈ R

− are uncertainty preferences associated with individual 1 and 2. For the
remainder of the paper, in line with findings presented in Section 2, I assume that
uncertainty aversion is the most realistic preference towards uncertainty.

For further analysis, it will be convenient to have an explicit definition of the
uncertainty preferences effect. I propose the following function:

DEFINITION 3. (Uncertainty preferences effect) Uncertainty preferences are repre-
sented by

ψ(xi,t ; λ, γb) := λ γb
γ(xi,t )σ(xi,t ) (14)

requirement is P
�
limhi→∞ ψ(xi,hi ; λ, γb) = 0

	
= 1, where hi denotes the number of times option

i ∈ O is selected.
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Definition 3 has a number of advantages. First, it is very simple—in effect, it is
just a dynamic weighting of uncertainty. Second, it is consistent with experimental
findings, discussed further below. Thirdly, the partial weight γbγ(xi,t )−1 captures
habituation effects: Camerer & Ho (1999) establish a high explanatory performance
of learning algorithms featuring self-reinforcement. In a situation where the gambler
is faced with two options with the same expected success probability and same un-
certainty, it is reasonable to assume that the gambler will still treat the two options
differently if the amount of information is different across options, which is ensured
by (14), as the behavioral rule with function (14) assumes that uncertainty-averse indi-
viduals will exhibit a tendency to prefer the option with more information. Fourthly
and lastly, as, according to the behavioral rule with uncertainty effect (14) and given
a relatively high level of uncertainty aversion, there will be a tendency to select an
option with less uncertainty over an option with more uncertainty even when the
option with more uncertainty has a superior expected probability to succeed, the
particular choice of (14) is consistent with the weak Ellsberg requirement (WER). It
is also obvious that a behavioral rule with uncertainty effect (14) is consistent with
Definition 2.14

The behavioral rule has four important properties.

PROPOSITION 3. (Properties of behavioral rule) The behavioral rule, i.e., rule b, has
the following properties:

(PB1) (Absorption) If at some point in time it is weakly preferred to select un-
employment, unemployment will be selected in all consecutive periods.

(PB2) (Unusual types) There exist two unusual types of individuals. Type-G
individuals can sometimes gamble for the sake of gambling by pre-
ferring an uncertain option to a sure success. Type-P individuals can
prefer to be unemployed since this choice yields an uncertainty-free
income such that they are paralyzed in their choices by uncertainty.

(PB3) (Not staying on a winner) If a success was not expected due to a large
number of previous nonsuccesses, the gambler might not stay on a
winner.

(PB4) (Imperfect learning) Even when all prior observations xi,0 for all i ∈
O−u are sampled from a Bernoulli distribution with a correct success
probability φi , the behavioral rule will with a nonzero probability never
identify the best option.

Proof. See Appendix A. �

Properties of the behavioral and the optimal rule are quite similar (e.g., both rules
do not lead to perfect learning) but the properties of the behavioral rule might
be considered as slightly more realistic. For instance, it does not make sense to
stay on a winner (the optimal rule always stays on a winner) if a win is confusing
because unexpected. We also might expect the existence of unusual individual

14Consider two options 1 and 2 where µ1 = µ2, γ1 > γ2, and σ1 < σ2. If λ = 0, we have b(x1) = b(x2).
If λ ∈ R+, we get b(x1) < b(x2). If λ ∈ R−, we have b(x1) > b(x2).
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types (e.g., gamblers who gamble for the sake of gambling), which is allowed by the
behavioral rule. Careers are path-dependent (see, e.g., Bernhardt, Morris, Handcock
& Scott 2001) and the behavioral rule also shows many features of path dependency.
For instance: There is an absorbing state (unemployment15); decisions are self-
reinforcing; due to chance, the best option might never be identified.

Experimental evidence on Bernoulli bandits is rather scarce but there are two
particularly interesting findings provided by Steyvers, Lee &Wagenmakers (2009) and
Gans, Knox & Croson (2007). First, Steyvers et al. (2009) calculate different behavioral
characteristics of individuals playing with Bernoulli bandits. A characteristic is,
for instance, the number of times individuals selected arms with fewer success
and nonsuccesses than alternative arms, which can be interpreted as exploratory
behavior. Steyvers et al. (2009) could not establish significant correlations between
characteristics and personality. In Appendix B, I successfully replicate this finding in
a simulated experiment using the setting of Steyvers et al. (2009) and the behavioral
rule. Interestingly enough, the result only holds if the share of uncertainty-averse
individuals is sufficiently large in the group under examination.

Second, Gans et al. (2007) apply different decision rules to data generated by
the decisions of individuals who played with Bernoulli bandits. They establish a
ranking of the explanatory performance of different rules. The ranking is successfully
replicated in Appendix B using decision data generated by the behavioral rule. It
is only possible to replicate the ranking if uncertainty aversion is pronounced and
individuals mostly follow the behavior rule without making toomanymistakes. Thus,
the behavioral rule with uncertainty aversion is supported by available experimental
evidence on Bernoulli bandits.

In summary: I consider two decision rules. The first rule is individually optimal,
whereas the second rule allows for the influence of preferences towards uncertainty.
The latter rule is more realistic than the optimal rule. However, the optimal rule is a
proper benchmark for decision making and, especially, the efficiency of learning.

5 The impact of uncertainty aversion on career decisions and
overconfidence

Having introduced the model’s setup, an individually optimal decision rule, and
a decision rule accounting for uncertainty preferences, I now examine different
aspects of occupational choices, in this way, presenting the main theoretical find-
ings of the paper. There are four interesting decision aspects deserving a closer
examination.

First, as unemployment has special features, compared to wage work and en-
trepreneurship that are neither certain nor absorbing, the propensity to select un-
employment is of interest. Second, as entrepreneurs are usually overconfident, it

15Verbruggen, van Emmerik, Van Gils, Meng & de Grip (2015) find that underemployment has negative
long-term effects on career success. A similar effect is present in my model, as an individual selecting
unemployment effectively limits her future set of options.
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is interesting how uncertainty aversion impacts the ability to correct false beliefs.
Third, the main assumption of the paper is that individuals transition between oc-
cupations, i.e., occupational choices are not final decisions. Thus, an interesting
aspect is the link between transitions and uncertainty preferences. Fourth, an aspect
of interest are sampling frequencies: As uncertainty aversion may result in over- or
undersampling from some options and sampling frequencies are observable, the
analysis of sampling produces testable predictions.

This section consists of three parts. Propensities to select unemployment and
overconfidence can be discussed in the model laid out in Section 3. I refer to this
version as the ’full model.’ Thus, in the first part of the section, I use the full model
to derive results on the propensity to select unemployment and the correction of
false beliefs. However, transitions are hard to discuss in the full model because the
potential number of transitions is infinite. In such a case, a simple approach is to
modify the full model to make it suitable to discuss a certain aspect. In the second
part of the section, I examine transitions and sampling by adding the assumption
of predetermined absorption, restricting the maximal number of transitions, to the
full model. The result is a second version of the bandit model.

A counter argument to such an approach is that a modification might
overemphasize some aspects that would not play a large role without the
modification—for instance, uncertainty aversion may have a large impact on
transitions in the modified model but a negligible impact in the full model. For
this reason, I simulate a version of the full model in the third part of the section,
resulting in a third model version, to verify that results derived in the model with
predetermined absorption also apply to the full model. In other words, the third part
of the section brings together insights from the first and second model version and
builds up intuition by illustrating how derived propositions manifest themselves in
a simulated version of the full model.

5.1 Choices in full model

With respect to the propensity to select unemployment, I obtain the following propo-
sition:

PROPOSITION 4. (Selecting sure options) Assume that xe,0 and xw,0 are generated by
a fixed number of draws γe,0 and γw,0 from two independent Bernoulli distributions.
Let sr := P

�
d1, r = u

	
denote the propensity to select the sure option unemployment

in the first period and let sr,T := P
�

dt , r = u for some t ∈ {1, 2, . . . , T }	
denote the

propensity to select the sure option unemployment in some period t ∈ {1, 2, . . . , T }.
The behavioral rule has a (weakly) higher propensity to select a sure option in the
first period:

sb > sg

where the inequality is strict if λ is sufficiently small. The behavioral rule has a
(weakly) higher propensity to select a sure option in any period t ∈ {1, 2, . . . , T }:

sb,T > sg,T
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where the inequality is strict if λ is sufficiently small. Furthermore, given two different
levels of uncertainty aversion λ′, λ < 0 where λ′ < λ, we have

sb(λ′) > sb(λ), sb,T (λ′) > sb,T (λ)
where inequalities are strict if λ is sufficiently large and λ′ is sufficiently smaller than
λ.

Proof. Let µi,t := µ(xi,t ), σi,t := σ(xi,t ), and ri,t := r(xi,t ; . . . ), where r(xi,t ; . . . ) is
either the behavioral or the optimal index. By independence of options, we have
P{dt ,g = u} = P{ge,t−1 6 0}P{ge,t−1 6 0} = [1 − P{ge,t−1 > 0}][1 − P{ge,t−1 > 0}].
Using the boundaries from (PG2), we obtain P{ge,t > 0} = P{gw,t > 0} = 1 for all t
such that P{dt ,g = u} = 0 for all t > 0. Consequently, we have sg = sg,T = 0 for all
T . To compute sb, note that

P
�

d1,b = u
	
= P

�
µe,0 + λγbσe,0γ

−1
e,0 6 0

	
P

�
µw,0 + λγbσw,0γ

−1
w,0 6 0

	

Let xe,0 = (Xe, γe,0−Xe ) and xw,0 = (Xw, γw,0−Xw ) where Xe and Xw denote the sum
of (prior) successes in entrepreneurship and wage work given γe,0 and γw,0 observa-
tions. LetYe := Xe

�
γbσ(Xe, γe,0 − Xe )�−1 andYw := Xw

�
γbσ(Xw, γw,0 − Xw )�−1. Using

(6), we obtain

P
�

d1,b = u
	
= P {Ye 6 −λ}P {Yw 6 −λ} = FYe (−λ)FYw (−λ)

Now notice that σ(X, γ0 − X ) takes a maximum at x = (γ0/2, γ0/2) and a minimum
at x = (0, γ0) and x = (γ0, 0), where the minimum is zero. Hence:

1
γbσ(γi,0/2, γi,0/2) 6 Yi 6

γi,0 − 1
γbσ(γi,0 − 1, 1) (15)

Consequently, we can always find a

λ < λ−s := −max
{

1
γbσ(γe,0/2, γe,0/2),

1
γbσ(γw,0/2, γw,0/2)

}
such that we have FYe (−λ), FYw (−λ) > 0 and, thus, sb > sg. Furthermore, if

λ < λ+s := −max
{

γe,0 − 1
γbσ(γe,0 − 1, 1),

γw,0 − 1
γbσ(γw,0 − 1, 1)

}
we obtain FYe (−λ) = FYw (−λ) = 1 such that sb = 1. Let λ′, λ ∈ R−. As FYe (−λ)
and FYw (−λ) are both nondecreasing, we can always find a λ′ < λ such that
sb(λ′) > sb(λ), where the inequality is strict if λ′ is sufficiently smaller than λ. To as-
sess sb,T , note that 1−sb,T is the probability that unemployment is never selected in
1, . . . , T . Let τe,t > 0 denote the number of times the behavioral rule samples from
entrepreneurship and τw,t > 0 the number of times the rule samples fromwage work
up to period t . Notice that τe,t + τw,t 6 T − 1. Let xe,t−1 = (Xe + X ∗e,t−1, γe,0 + τe,t−1 −
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Xe −X ∗e,t−1) and xw,t−1 = (Xw +X ∗w,t−1, γw,0+τw,t−1−Xw −X ∗w,t−1), where X ∗e,t and X ∗w,t
is the sum of successes in entrepreneurship and wage work given τe,t and τw,t obser-
vations. Define Y ∗e,t−1 := (Xe + X ∗e,t−1)

[
γbσ(Xe + X ∗e,t−1, γe,0 + τe,t−1 − Xe − X ∗e,t−1)

]−1

andY ∗w,t−1 := (Xw +X ∗w,t−1)
[
γbσ(Xw + X ∗w,t−1, γw,0 + τw,t−1 − Xw − X ∗w,t−1)

]−1
. In anal-

ogy to (15), we get
λ−s,t 6 Y ∗i,t−1 6 λ

+
s,t (16)

λ−s,t :=
1

γbσ([γi,0 + τi,t−1]/2, [γi,0 + τi,t−1]/2), λ
+
s,t :=

γi,0 + τi,t−1 − 1
γbσ(γi,0 + τi,t−1 − 1, 1)

As σ([γi,0 + τi,t−1]/2, [γi,0 + τi,t−1]/2) decreases in τi,t−1, we must have λ−s,1 > λ
−
s,2 >

. . . > λ−s,T . As γi,0 + τi,t−1 − 1 increases in τi,t−1 and σ(γi,0 + τi,t−1 − 1, 1) decreases in
τi,t−1, we must have λ+s,1 6 λ

+
s,2 6 . . . 6 λ

+
s,T . Furthermore, note that τi,t−1 6 t − 1,

as an option cannot be observed for more than t − 1 periods. Hence:

λ−s,t > λ̂
−
s,t :=

1
γbσ([γi,0 + t ]/2, [γi,0 + t ]/2), λ

+
s,t 6 λ̂

+
s,t :=

γi,0 + t − 1
γbσ(γi,0 + t − 1, 1)

where λ̂−s,1 > λ̂
−
s,2 > . . . > λ̂

−
s,T and λ̂+s,1 6 λ̂

+
s,2 6 . . . 6 λ̂

+
s,T . Thus, if

λ > λ−,T := −min
{

1
γbσ([γe,0 +T ]/2, [γe,0 +T ]/2), . . .

. . . ,
1

γbσ([γw,0 +T ]/2, [γw,0 +T ]/2)
}

where λ−,T < 0, unemployment will never be selected in any period t ∈ {1, . . . , T }
and we obtain sb,T = 0. However, if

λ < λ+,T := −max
{

γe,0 +T − 1
γbσ(γe,0 +T − 1, 1),

γw,0 +T − 1
γbσ(γw,0 +T − 1, 1)

}
where λ+,T < λ−,T , unemployment will be selected with probability 1 such that
sb,T = 1. Hence, there must exists a λ < 0 such that sb,T > 0, respectively sb,T > sg,T .
Furthermore, given that λ′, λ ∈ R−, there must exist a λ′ < λ such that sb,T (λ′) >
sb,T (λ), where the inequality is strict if λ′ is sufficiently smaller than λ. �

Summarizing Proposition 4, it can be said that if the level of uncertainty aversion
is sufficiently high, uncertainty-averse individuals will select unemployment with a
higher than optimal probability, where the optimal probability is zero.

We know that entrepreneurs differ from other individuals (Zhao & Seibert 2006;
Rauch & Frese 2007). A particular characteristic of entrepreneurs is overconfidence
(Busenitz & Barney 1997; Camerer & Lovallo 1999; Bernardo & Welch 2001; Koellinger
et al. 2007). I define overconfidence related to entrepreneurship as follows.

DEFINITION 4. (Overconfidence related to entrepreneurship) An individual is said to
be overconfident with respect to entrepreneurship if she assigns a higher expected
success probability to entrepreneurship than to wage work, µ(xe,0) > µ(xw,0), and
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is less uncertain about success in entrepreneurship than in wage work, σ(xe,0) <
σ(xw,0), but entrepreneurship generates a success with a lower probability than
expected, φe < µ(xe,0).

Griffin & Varey (1996) argue that overconfidence expresses itself in two different
ways:

[Type-1 overconfidence] One type, the most dramatic, is optimistic overconfi-
dence, the tendency to overestimate the likelihood that one’s favored outcome
will occur. (Griffin & Varey 1996, p. 228)

[Type-2 overconfidence] A second type of overconfidence is the overestimation
of one’s knowledge (more generally, the overestimation of the validity of one’s
judgment) . . . . (Griffin & Varey 1996, p. 228)

Definition 4 covers both types of overconfidence. Type-1 overconfidence, the ten-
dency to overestimate success probabilities, is reflected by the overestimation of
the success probability of entrepreneurship, µ(xe,0) > φe . Type-2 overconfidence,
the overestimation of one’s knowledge, is captured by a smaller uncertainty about
success probabilities in entrepreneurship than in wage work, σ(xe,0) < σ(σw,0).

Overconfidence does not automatically lead to an observation like the earnings
puzzle, as overestimating the success probability of entrepreneurship does not
rule out that entrepreneurship is the best option. Therefore, additionally assume
that φw > φe such that there is overconfidence with respect to entrepreneurship,
while wage work has a higher success probability than entrepreneurship. Given this
constellation, beliefs about the superiority of entrepreneurship are objectively false.

Assume that, driven by overconfidence with respect to entrepreneurship, the
individual decides for entrepreneurship in the first period. After the individual se-
lects entrepreneurship, she observes a signal in the form of success observations
πe,1, πe,2, . . . , where πe,t is drawn from a Bernoulli distribution with success proba-
bility φe . To make the signal unambiguous, assume that it consists only of nonsuc-
cesses (such a signal is consistent with φw > φe ). The correction of overconfidence
requires a transition to wage work.16 Proposition 5 depicts how transitions leading
to a potential correction of overconfidence and uncertainty aversion are related:

PROPOSITION 5. (Overconfidence and uncertainty aversion) Assume that an indi-
vidual who is overconfident with respect to entrepreneurship receives a clear signal,
s∗e,t = (πe,1 = 0, πe,2 = 0, . . . , πe,t = 0), that she overestimated the success probabil-
ity of entrepreneurship and that wage work might be superior to entrepreneurship.
Furthermore, assume that the following four conditions hold:

(C1) µ(xe,0) > µ(xw,0) + δ(1 − δ)−1σ(xw,0);
(C2) σe < σ(xw,t ) for all t and σe < (1 − δ)δ−1µ(xw,0), where σe :=

maxk>0 σ(αe,0, βe,0 + k );
(C3) λ > −αw,0[γbσ(xw,0)]−1;

16Though, one transition might not be enough because the individual might return to the inferior
option entrepreneurship. However, false beliefs cannot be corrected without a transition at all.
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(C4) αe,0 > [γe,0/γw,0]αw,0 and γe,0 > γw,0.

Let tg denote the period where an individual following a Gittins-index strategy ex-
periences the incentive to abandon entrepreneurship and transition to wage work
for the first time. Let tb denote the equivalent period for an individual following a
behavioral-index strategy. If uncertainty aversion is sufficiently high, we have

tb > tg

such that s∗e,t signaling inferiority of entrepreneurship, compared to wage work, needs
longer than optimal to induce a transition to wage work. Furthermore, given two lev-
els of uncertainty aversion λ′, λ < 0, an individual with higher uncertainty aversion
will need longer to transition to entrepreneurship such that

tb(λ′) > tb(λ)
if λ′ < λ.

Proof. Let µi,t := µ(xi,t ), σi,t := σ(xi,t ), and ri,t := r(xi,t ; . . . ) [r(xi,t ; . . . ) is either
the behavioral or the optimal index]. Using (C1) and the boundaries in (PG2), we can
establish ge,0 > gw,0 such that d1,g = e . By overconfidence, as given by Definition
5, be,0 > bw,0 and, thus, d1,b = e . Given (C3), bw,0 > 0. Note that, given signal s∗e,t ,
σe = σe,tσ , where tσ = −βe,0 + [9α2

e,0 + 10αe,0 + 1]1/2/4− αe,0/4− 1/4. Consequently,
µe,t + δ(1− δ)−1σe,t 6 µe,t + δ(1− δ)−1σe . To establish tb > tg, I show that tg ∈ (0, t+g ],
tb ∈ [t−

b
, ∞), and t−

b
> t+g given some λ < 0 consistent with (C3).17 Using the

boundaries in (PG2), we can establish that a transition incentive will definitely occur
for the first time when µe,t + δ(1 − δ)−1σe = µw,0 but not later. Given signal s∗e,t , we
obtain µe,t = αe,0(γe,0 + t )−1. Hence, we have tg 6 t+g , where

t+g =
(1 − δ)αe,0 − a0γe,0

a0
, a0 := (1 − δ)µw,0 − δσe (17)

Using (C2), we get a0 > 0. Furthermore, using (6) and µe,0 > µw,0 (by [C1]), we
obtain (1 − δ)αe,0 − a0γe,0 > 0 such that t+g > 0. Hence, we get tg ∈ (0, t+g ]. Now
consider the behavioral rule. The behavioral rule has an incentive to switch to
wage work when be,t 6 bw,0. As µe,t + λσe/γe,t 6 µe,t + λσe,t /γe,t , where γe,t =

γe,0 + t , a transition incentive will occur later than period t = t−
b
, where t−

b
solves

µe,t + λσe/γe,t = µw,0 + λσw,0/γw,0. Hence, we have tb > t−b , where

t−b =
a1λ + a2
a3λ + a4

a1 := γb
�
γw,0σe − γe,0σw,0

�
, a2 := αe,0γw,0 − αw,0γe,0

17Strictly speaking, this does not establish the existence of tb and tg. However, it is easy to demonstrate
that when t → ∞, such that the signal approaches s∗e,∞, ge,t , be,t → 0. Given gw,0, bw,0 > 0, a transition
is guaranteed.
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a3 := γbσw,0 > 0, a4 := αw,0 > 0

It is obvious that a3λ + a4 > 0, as, according to condition (C3), λ > −a4/a3 =
−αw,0[γbσw,0]−1. According to (C2) and (C4), we have a1 < 0; and, according to (C4),
we have a2 > 0. Hence: a1λ + a2 > 0. Thus, we have t−

b
> 0 and tb ∈ [t−

b
, ∞). Now

consider
t−b − t

+
g =

a5λ + a6
a0(a3λ + a4)

a5 := a0a1 − (1 − δ)a3αe,0 + a0a3γe,0

a6 := a0a2 − (1 − δ)a4αe,0 + a0a4γe,0

Given that λ > −a4/a3, we have a0(a3λ + a4) > 0. Note that

a5 = γb
�
δ(αe,0σw,0 − αw,0σe ) − (αe,0σw,0 − αw,0σe ) − δγw,0σ

2
e

�

a6 = −δαe,0γw,0σe < 0

where δ < 1. According to (C2) and (C4): αe,0σw,0 > αw,0σe such that a5 < 0.
Consequently, if

λ < −
a6
a5
< 0 (18)

we have t−
b
− t+g > 0. To see that (18) is consistent with (C3), note that if a7 :=

αw,0a5 − γbσw,0a6 < 0, we have −a6/a5 > −αw,0[γbσ(xw,0)]−1 and (18) does not
require uncertainty aversion exceeding the boundary in (C3). Notice that

a7 = δγb
�
αe,0

�
αw,0σw,0 + γw,0σe

�
− α2

w,0σe − αw,0σw,0σ
2
e

�

+αw,0γb (αw,0σe − αe,0σw,0)
where a7 < 0 requires

αe,0 >
σw,0σe − (1 − δ)γbαw,0

γb
�
δγw,0σe − (1 − δ)αw,0σw,0

�αw,0σe (19)

i.e., the prior number of successes in entrepreneurship must be sufficiently large.
Note that δγw,0σe − (1 − δ)αw,0σw,0 < 0 given that αw,0 > δσe [δσw,0 − δσe +

σw,0]−1 βw,0, where the latter is consistent with αw,0 < βw,0 (important for overconfi-
dence with respect to entrepreneurship), as δσe [δσw,0−δσe +σw,0]−1 is smaller than
1 if 2δσe < (1 − δ)σw,0 and decreases if σe decreases. To demonstrate the second
part of the proposition, note that either tb < tσ, or tb = tσ, or tb > tσ. µe,t always
decreases in t (given signal s∗e,t ) such that µe,t+1 < µe,t . γe,t always increases in t
such that γe,t+1 > γe,t . If tb < tσ, uncertainty increases in t such that σe,t+∆t > σe,t ,
where ∆t > 0 is sufficiently small. If tb = tσ, σe,tσ−∆t < σe,tσ and σe,tσ+∆t < σe,tσ .
If tb > tσ, uncertainty decreases in t such that σe,t+∆t < σe,t . Let tb(λ) such that
be, tb(λ) = bw,0 or

∆µ, tb(λ) = λ∆σ, tb(λ) (20)
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∆µ, tb(λ) := µe, tb(λ) − µw,0, ∆σ, tb(λ) := γb
[
σw,0

γw,0
−
σe, tb(λ)
γe, tb(λ)

]

The right hand side of (20) is negative by (C2). Hence, we must have µe, tb(λ) < µw,0,
respectively ∆µ, tb(λ) < 0. Let λ′ < λ. Consequently:

∆µ, tb(λ) > λ
′
∆σ, tb(λ) (21)

Now consider how tb(λ) must change if we want to establish an equality instead of
the inequality in (21), i.e., if we want a tb(λ′) solving ∆µ, tb(λ ′) = λ′∆σ, tb(λ ′). Assume
that tb(λ) < tσ. Here, it is obvious that it does not make sense to decrease tb, as, in
such a case, ∆µ, tb would increase, while λ′∆σ, tb would decrease. Hence, we must
have tb(λ′) > tb(λ) for tb(λ) < tσ. Assume that tb(λ) > tσ. In such a case, it is
required that µe,t decreases faster over time than λγbσe,t /γe,t if t = tb(λ) is the first
period where be,t = bw,0. In the contrary case, t = tb(λ) cannot be the first period
solving be,t = bw,0. Hence, here again, we must increase tb such that ∆µ, tb decreases,
while λ′∆σ, tb also decreases, however, not as fast as ∆µ, tb . (If we decrease tb, ∆µ, tb
increases, whereas λ′∆σ, tb also increases but slower than ∆µ, tb .) Consequently, we
must have tb(λ′) > tb(λ) for tb(λ) > tσ. If we assume that tb(λ) = tσ and decrease
tb, we have the case tb(λ) < tσ, where decreasing tb cannot balance (21) but an
increase in tb can; and if we assume that tb(λ) = tσ and increase tb, we have the case
tb(λ) > tσ, where increasing tb can balance (21) but not decreasing. To summarize,
in all considered cases, we must have tb(λ′) > tb(λ). �

Proposition 5 provides two important insights.18 First, individuals with suffi-
ciently high uncertainty aversion will correct their false beliefs less efficiently than
optimally-behaving individuals. Second, higher uncertainty aversion reduces the
efficiency of the correction of false beliefs. The general logic behind the latter re-
sult is as follows. Assume that we have two individuals, A and B , with exactly the
same initial prior observations, xe,0 and xw,0, but one individual, say B , is more
uncertainty-averse than the other. If both individuals observe signal s∗e,t , their ex-
pected success probabilities will decrease by exactly the same amount. So, type-1
overconfidence is reduced by the same degree. However, due to type-2 overconfi-
dence, the more uncertainty-averse individual B will transition to wage work later
than A. The reason behind is that, given type-2 overconfidence leading to lower
uncertainty in entrepreneurship than in wage work, the more uncertainty-averse
individual B dislikes the fact that wage-work success is relatively more uncertain
than entrepreneurial success more than A. Consequently, a larger number of non-
successes in entrepreneurship is required to convince the more uncertainty-averse

18The conditions in Proposition 5, (C1)–(C4), are not especially restrictive and they are intuitively
reasonable. For example, (C1) is needed to ensure that the Gittins index selects entrepreneurship
in the first period. (C3) secures that wage work, and not unemployment, is the best alternative
to entrepreneurship. Most conditions can be ensured by enough prior success observations in
entrepreneurship and a sufficiently large amount of information: γ(xe,0) and γ(xw,0) must be both
sufficiently large. In the third version of the model, it is demonstrated that effects predicted by
Proposition 5 are present even if some conditions in the proposition are violated.
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individual B to transition to wage work than the less uncertainty-averse individual
A.

Also, Proposition 5 delivers a simple explanation for the earnings puzzle, the
permanent selection of entrepreneurship although wage work is the better option.
As high uncertainty aversion is empirically likely (see Section 2) and individuals with
a sufficiently high level of uncertainty aversion need a long period of time to correct
overconfidence with respect to entrepreneurship, observing some finite time interval
of an individual’s career can lead to the conclusion that she permanently selects
an non-optimal option. Furthermore, under realistic conditions, the signal will be
more ambiguous than the clear signal in Proposition 5—in reality, some periods
in entrepreneurship might be successful. This will further reduce the efficiency of
belief correction (demonstrated in Subsection 5.3).

5.2 Choices in model with predetermined absorption

Let us examine the second version of the bandit choice model: a model with prede-
termined absorption, henceforth, denoted by PAM, which is especially suitable to
discuss transitions and sampling from different options.19 PAM has the following
setup:

PREDETERMINED ABSORPTION MODEL (PAM). Assume that an individual learns if she
is successful in an occupation one period after selecting the occupation for the first
time. Consequently, there is uncertainty about success probabilities, σi > 0 for
all i ∈ O−u , until an option is selected once. However, an option selected for the
second time is not uncertain anymore. The individual is successful in occupation
i ∈ O−u , and receives πi = 1 in all periods the occupation is selected, with probability
φi ∈ (0, 1), and the individual is not successful, and receives πi = 0, with probability
1 − φi . The expected success probability is µi ∈ (0, 1) for all i ∈ O−u , where we
assume that µe , µw . The number of prior observations is γi for all i ∈ O−u . µi , γi ,
and σi are computed on the basis of prior observations xi , where it is assumed that
σw , σe , γw , γe , and σw/γw , σe/γe . Lastly, assume that it is commonly known
that an option selected twice must be selected in all consecutive periods, i.e., an
option selected twice is absorbing.

Given this particular setting, the number of decision sequences is restricted, thus
it is possible to illustrate when and why uncertainty-averse gamblers do not exhibit
optimal behavior. First, notice the following:

LEMMA 1. Let ri,hi denote the index of option i selected hi times. Given PAM, we obtain
the following Gittins indices:

gu,hu = 0 for all hu (22)

gi,0 =
µi

δ[µi − 1] + 1 for all i ∈ O−u (23)

19The approach is inspired by Berninghaus & Seifert-Vogt (1987) who use a similar method in a migra-
tion model.
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or equivalently in behavioral-index-type notation

gi,0 = µi + ωg, iσi for all i ∈ O−u (24)

where
ωg, i :=

µi [1 − µi ]δ
σi [δ(µi − 1) + 1] > 0

such that gi,0 > µi for δ ∈ (0, 1). For the second time an option i ∈ O−u is selected,
we obtain

gi,hi = πi ∈ {0, 1} for hi > 0 (25)

Proof. Equation (22) follows because unemployment is not uncertain and the unem-
ployment reward is always zero. Equation (25) is a consequence of the PAM setting
as an option selected once is not uncertain anymore and the gambler receives πi = 1
or πi = 0 for all remaining periods. To derive (23), use the optimal-stopping formu-
lation of the Gittins index (see Equation [9]). First, note that it does not make sense
to stop before observing the reward πi at least once. After observing the reward, we
either continue to play option i if πi = 1 and obtain

∑∞
t=1 δ

t−1πi = 1/(1 − δ), which,
from the point of view of the gambler, occurs with probability µi , or we stop after
observing the reward once if πi = 0 and obtain zero, which, from the perspective
of the gambler, occurs with probability 1 − µi . By dividing by the expected sum of
discounted time, we get

gi,0 =
µi (1 − δ)−1

µi (1 − δ)−1 + 1 − µi
for all i ∈ O−u

which corresponds to (23). �

In contrast to the full model, the Gittins index of an initially uncertain option can
become zero in the PAM setting as an option selected twice is not uncertain anymore.
Consequently, given PAM, a gambler following the Gittins rule might at some point
become indifferent between unemployment and all available non-unemployment
options. Let us assume that in such a case the gambler will select unemployment,
as unemployment is a minimal-effort option. Furthermore, a Gittins-index-based
strategy is optimal in PAM:

LEMMA 2. A Gittins-index strategy is optimal in PAM conditional on prior information
xw and xe .

Proof. The optimal deterministic strategy in PAM is relatively intuitive and easy
to prove. Let OSPAM denote the optimal strategy in PAM. OSPAM prescribes the
following choices: Let i (1) := argmaxi∈O−u µi . In the first period, select the option
with the largest expected success probability µi (1) = max{µe, µw }. Learn every-
thing about the reward of i (1). If πi (1) = 1, continue to select option i (1) forever
and obtain 1/(1 − δ), which is the best possible outcome. If πi (1) = 0, switch to the
option with the second-largest expected success probability i (2) := O−u \ i (1) and
observe the reward of i (2). If πi (2) = 1, continue to play i (2) and obtain δ/(1 − δ),
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which is the second-best possible outcome. If πi (2) = 0, all options have the same
reward of zero such that it does not matter which option is selected. OSPAM yields
E[∑∞t=1 δt−1Πt |xe, xw ] = µi (1)/(1 − δ) + [1 − µi (1)]µi (2)δ/(1 − δ), which cannot be im-
proved by any other deterministic strategy.20 The Gittins index prescribes a strategy
equivalent to OSPAM: In the first period, we have gi,0 > gu,hu = 0 for all i ∈ O−u

and all hu ; and gi,0 > gj,0 if µi > µ j or gj,0 > gi,0 if µ j > µi for i, j ∈ O−u where
i , j . Hence, i (1) is selected. In the second period, we have gi,1 > gj,0 for i, j ∈ O−u

if πi = 1 and gi,1 < gj,0 if πi = 0 for i, j ∈ O−u where i , j . Hence, option i (1) is
selected if πi (1) = 1 and i (2) is selected if πi (1) = 0, and so forth. �

The behavioral rule sets the following indices:

bi,0 = µi + λγb
σi

γi
for all i ∈ O−u (26)

bi,hi = πi ∈ {0, 1} for all hi > 0 (27)

for a non-unemployment option i ∈ O−u and

bu,hu = 0 for all hu (28)

for unemployment.
Using Lemma 1 and behavioral-rule indices (26)–(28), we can derive all plausible

decision sequences in PAM. Table 1 compiles all decision sequences generated by
the optimal or the behavioral rule—or both. For instance, sequence (DS4) should
be read as follows. In the first period, the gambler selects wage work. In the second
period, the gambler transitions to entrepreneurship. In the third period, the gambler
selects entrepreneurship again. As an option selected twice must be selected in all
consecutive periods, entrepreneurship is selected in all periods t > 3. There are only
9 plausible sequences. Some of the sequences, like (DS1) and (DS6), are produced
by the behavioral rule only. Table 1 is used as an aid for proofs.

The two most interesting decision aspects most easily examined in the PAM
setting are transition intensity and sampling frequencies. Transition intensity is
defined as follows.

DEFINITION 5. (Transition intensity) Let Er,t := {dr,t , dr,t−1 for t > 1} denote a
transition event generated by rule r. Transition intensity is defined as the ratio of
the number of actual transitions to the number of all plausible transitions:

ir :=
∑∞

t=2 1{Er,t }
Maximal number of plausible transitions

∈ [0, 1] (29)

20To see, note, first, that it does not make sense to start with option i (2) or u , as both yield less than
µi (1)/(1 − δ). If πi (1) = 0, it does not make sense to switch to option u or to continue with i (1), as both
actions yield zero. Consequently, the gambler should switch to i (2), as µi (2)δ/(1 − δ) > 0. If πi (1) = 1,
it does not make sense to switch from i (1), as i (1) yields δ/(1 − δ), while i (2) and u both generate a
smaller expected reward—i (2) generates µi (2)δ/(1 − δ) < δ/(1 − δ) (as µi (2) < 1) and u generates zero.
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TABLE 1: Decision sequences (DS) plausible in PAM

DECISION SEQUENCE NUMBER OF
TRANSITIONS

GENERATED BY WHICH
RULE

(DS1) d1 = u → d2 = u → . . . 0 b but not g
(DS2) d1 = w → d2 = w → . . . 0 b and g
(DS3) d1 = e → d2 = e → . . . 0 b and g
(DS4) d1 = w → d2 = e → d3 = e → . . . 1 b and g
(DS5) d1 = e → d2 = w → d3 = w →

. . .

1 b and g

(DS6) d1 = w → d2 = u → d3 = u →

. . .

1 b but not g

(DS7) d1 = e → d2 = u → d3 = u → . . . 1 b but not g
(DS8) d1 = w → d2 = e → d3 = u →

d4 = u → . . .

2 b and g

(DS9) d1 = e → d2 = w → d3 = u →

d4 = u → . . .

2 b and g

NOTE: The interpretation of, for instance, (DS9) is that entrepreneurship is selected in the first period, wage work is selected
in the second period, unemployment is selected in the third period, and unemployment is selected in the fourth period. If
an option is selected for the second time (e.g., unemployment in the forth period in [DS9]), it must be selected forever.

In PAM, contrary to the full model, the number of transitions is a priori finite
by construction. Hence, we have

∑∞
t=2 1{Er,t } < ∞ and ir is well-defined. Option-

specific sampling frequencies are defined as follows.

DEFINITION 6. (Sampling frequency) Sampling frequency is the number of times
rule r samples from option i :

fr, i :=
∞∑

t=1
1{dr,t = i } (30)

It is obvious that there exists only one i∞r ∈ O such that fr, i∞r = ∞. For all i , i∞r , fr, i
is finite.

The PAM setting allows for the derivation of two central results on the relation
between uncertainty aversion and transition intensity, and on the relation between
uncertainty aversion and sampling frequencies. The first result is that uncertainty
aversion leads to suboptimal transition intensity:

PROPOSITION 6. (Uncertainty aversion and transition intensity) Let imax
g denote the

maximal level of transition intensity generated by rule g. Moreover, let imax
b

(λ) de-
note the maximal level of transition intensity generated by rule b given uncertainty-
aversion level λ. There exists a sufficiently high level of uncertainty aversion such that
the behavioral rule transitions less than optimal or

imax
g > imax

b
(λ)
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Furthermore, an increase in uncertainty aversion can further restrict transitions such
that

imax
b

(λ) > imax
b

(λ − λ∆)
where λ is such that imax

b
(λ) > 0, λ∆ > 0, and λ∆ is sufficiently large.

Proof. The proposition can be proven with the aid of Table 1. Notice that the maxi-
mal number of plausible transitions is 2 (see Table 1) such that ir = 2−1

∑∞
t=2 1{Er,t }.

The Gittins index generates transition intensity ig ∈ Ig = {0, 1/2, 1}. Hence, we have
imax
g = max Ig = 1. Let λ > λ1 := max

�
−µeγe [γbσe ]−1, −µwγw [γbσw ]−1	

, where the
maximum is unique since µe , µw and σe/γe , σw/γw . Note that λ > λ1 is consis-
tent with uncertainty aversion as λ1 < 0. If the behavioral rule starts with option e ,
it will generate either sequence (DS3), or (DS5), or (DS9). If the behavioral rule starts
with option w , it will generate either sequence (DS2), or (DS4), or (DS8). The behav-
ioral rule will never start with option u or select u in the second period if λ > λ1.
Consequently, we have ib ∈ Ib,λ>λ1 = {0, 1/2, 1} such that imax

b,λ>λ1
= max Ib,λ>λ1 = 1.

Let λ2 := min
�
−µeγe [γbσe ]−1, −µwγw [γbσw ]−1	

. Assume that λ1 > λ > λ2. If the
behavioral rule starts with option e , implying µeγeσe

−1 > µwγwσw
−1, it will gen-

erate either sequence (DS3) or (DS7). If the behavioral rule starts with option w ,
implying µwγwσw

−1 > µeγeσe
−1, it will generate either sequence (DS2) or (DS6).

The behavioral rule will not start with option u if λ > λ2. As a consequence, we
get ib ∈ Ib,λ1>λ>λ2 = {0, 1/2} such that imax

b,λ1>λ>λ2
= max Ib,λ1>λ>λ2 = 1/2. Assume

that λ 6 λ2. The only decision sequence the behavioral rule can generate is (DS1).
Consequently, we get ib ∈ Ib,λ6λ2 = {0} such that imax

b,λ6λ2
= max Ib,λ6λ2 = 0. Now, let

λ′ ∈ (λ1, 0), λ′′ ∈ (λ2, λ1], and λ′′′ ∈ (−∞, λ2]. It is obvious that λ′ > λ′′ > λ′′′. Only
λ′ generates transition intensities such that imax

b
(λ′) = imax

g . For the remaining levels
of uncertainty aversion, we get imax

b
(λ′′) < imax

g and imax
b

(λ′′′) < imax
g . Furthermore:

imax
b

(λ′) > imax
b

(λ′′) > imax
b

(λ′′′). �

The link between uncertainty aversion and transition intensity established in
Proposition 6—higher uncertainty aversion results in less transitions—is plausi-
ble as empirically observable uncertainty aversion is rather high and empirically
observable transition intensity is low (see Section 2).

Secondly, it can be demonstrated that uncertainty aversion leads to oversampling
from less uncertain options:

PROPOSITION 7. (Uncertainty aversion and sampling frequency) Conditional on prior
information xe and xw, and without loss of generality, assume that entrepreneurship
is the most uncertain option with the least amount of information, i.e., σe > σw

and γe < γw . Let fb, i (λ) denote the number of times the behavioral rule samples
from option i given uncertainty-aversion level λ. Given a sufficiently high level of
uncertainty aversion, the behavioral rule oversamples with a positive probability from
options with less uncertainty than entrepreneurship such that

P
�
fb,w (λ) > fg,w ∨ fb,u (λ) > fg,u

	
> 0
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Proof. Assume that µe > µw . As a success in entrepreneurship is generated with
probability φe and a success in wage work with probability φw , we obtain21

fg,w =




0 with probability φe

1 with probability (1 − φe )(1 − φw )
∞ with probability (1 − φe )φw

(31)

If we assume µw > µe , we obtain

fg,w =



1 with probability 1 − φw

∞ with probability φw

(32)

For the sampling frequency of unemployment, we have

fg,u =



0 with probability 1 − (1 − φe )(1 − φw )
∞ with probability (1 − φe )(1 − φw )

(33)

Equation (31), (32), and (33) combined yield pf := P
�
fg,w < ∞∨ fg,u < ∞

	
> 0.

Let λ < −µeγe [γbσe ]−1. Given this particular level of uncertainty aversion, we
get be,0 < 0. (Case 1) If µw > µe (σw/σe )(γe/γw ), where (σw/σe )(γe/γw ) < 1, and
λ > −µwγw [γbσw ]−1, we get bw,0 > 0, bw,hw > 0 with probability φw , and bw,hw = 0
with probability 1 − φw , where hw > 0. (Case 2) If µw > µe (σw/σe )(γe/γw ) but
λ < −µwγw [γbσw ]−1, we get bw,0 < 0. (Case 3) If µw < µe (σw/σe )(γe/γw ), we have
bw,0 < 0. In case 1, we get either fb,w (λ) = ∞ and fb,u (λ) = 0 with probability φw

or fb,w (λ) = 1 and fb,u (λ) = ∞ with probability 1 − φw . In case 2 and 3, we get
fb,w (λ) = 0 and fb,u (λ) = ∞. Hence, there always exists a high-enough level of
uncertainty aversion (a sufficiently small λ) such that fb,w (λ) = ∞ ∨ fb,u (λ) = ∞,
which in combination with pf > 0 yields the desired result. �

5.3 Choices in model with unexpected termination

In a setting without predetermined absorption, it is not possible to use straightfor-
ward analytical examples to analyze decision sequences. However, it is possible to

21To derive (31), note that the Gittins index starts with option e if µe > µw . After selecting option e , the
gambler learns everything about the option. With probability φe , the reward of entrepreneurship
is 1 and the gambler generates decision sequence (DS3) in Table 1. In (DS3) only entrepreneurship
is selected such that fg,w = 0. With probability 1 − φe , the reward of entrepreneurship is zero and
the gambler selects wage work. With probability (1 − φe )(1 − φw ), the reward of entrepreneurship
and wage work is zero and the gambler generates sequence (DS9) in Table 1. In (DS9) wage work is
selected once such that fg,w = 1. With probability (1 − φe )φw , the reward of entrepreneurship is zero
but the reward of wage work is 1. In such a case, the gambler generates decision sequence (DS5) in
Table 1. In (DS5) wage work is selected for an infinite number of periods such that fg,w = ∞. All other
sampling frequencies are obtained in a similar way.
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numerically simulate the model given the assumption that termination is not ex-
pected. A model with unexpected termination, the third version of the bandit choice
model, henceforth, denoted by UTM, stops after a fixed number of T ∈ N periods,
while gamblers assume that they are playing a model with an infinite time horizon,
such that they do not anticipate termination timeT in any way. The resulting model
can be specified as UTM-T . In effect, the model with unexpected termination time
corresponds to observing a finite time interval of an infinitely played bandit game.

By simulating a UTM-T version of the bandit model, it is possible to build some
intuition into model mechanics and to discuss uncertainty-aversion effects in a
more descriptive way than before. Furthermore, a UTM-T allows for testing whether
results derived in the model with predetermined absorption also hold in the full
model. First, I introduce some assumptions necessary for simulations and two
simulation scenarios. Then, I present and analyze choice patterns generated by the
model.

5.3.1 Assumptions for simulations

General assumptions are as follows. Gamblers are assumed to be uncertainty averse.
Unemployment never generates a success and this fact is common knowledge. Suc-
cess probabilities of entrepreneurship and wage work are unknown. To simulate
optimal decision behavior, I rely on an approximation of the Gittins index, denoted
by ĝ(x), provided by Brezzi & Lai (2002). The simulation proceeds as follows.22 In the
first step, the algorithm generates rewards given some set of parameters φw and/or
φe . In the second step, the algorithm applies the Gittins-index and the behavioral
rule to data simulated in the first step and produces decision sequences given some
set of parameters like uncertainty aversion, λ, priors, xe,0 and xw,0, etc. The two
steps are sequentially repeated 10,000 times.

I employ two distinct scenarios to examine different aspects of occupational
choices in an uncertain decision environment. In the first scenario, I examine
the impact of uncertainty aversion on transition intensity (see Proposition 6) and
sampling frequencies (see Proposition 7). The second scenario examines the ef-
fect of uncertainty aversion on the correction of overconfidence with respect to
entrepreneurship (see Proposition 5). The first scenario is interesting because it
illustrates the effects of uncertainty aversion on career choice probabilities and
career dynamics (transitions). The second scenario provides an explanation for the
earnings puzzle.

FIRST SCENARIO. Table 2 summarizes all assumption on model parameters that are
necessary to examine the effect of uncertainty aversion on transition intensity and
sampling frequencies. In the first scenario, I use a model version with 100 periods,
i.e., UTM-100, where after T = 100 periods gamblers are forced to retire.

Proposition 7, making prediction with respect to uncertainty-aversion effects on
sampling frequencies, assumes that one option is more uncertain than all alterna-

22The simulation code is available upon request from the author.
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TABLE 2: First scenario

PARAMETER RELATION ASSUMPTION
T = 100
δ = 0.97
λ ∈ {−20, −18, . . . , −4, −2}
γ∗ = 2
φe , φw ∈ {0.1, 0.3, 0.5, 0.7, 0.9}
αe,0, βe,0, αw,0, βw,0 ∈ {5, 6}

tive options. Therefore, to analyze the effects of uncertainty aversion on sampling
frequencies, I consider only those parameter combinations where one option is
clearly more uncertain than all other options. By symmetry of assumptions in Table
2, we can assign the highest level of uncertainty aversion to either entrepreneurship
or wage work without changing results. When examining sampling frequencies, I
assume that entrepreneurship is the most uncertain option.

SECOND SCENARIO. The second scenario illustrates the problem of the correction
of overconfidence with respect to entrepreneurship. Numerical assumptions are
presented in Table 3. Given assumptions in Table 3, entrepreneurship is selected by

TABLE 3: Second scenario

PARAMETER RELATION ASSUMPTION
δ = 0.97
λ ∈ {−3.0, −2.6, −2.2, −1.8, −1.4, −1.0, −0.6, −0.2}
γ∗ = 2
φe ∈ {0.05, 0.10, 0.15}
(αe,0, βe,0) = (10, 5)
(αw,0, βw,0) = (3, 6)

the Gittins index and the behavioral rule in the first period.23 As the only variable
of interest is the earliest period where individuals abandon entrepreneurship, tg
for the optimal rule and tb for the behavioral rule, there is no fixed termination
period. Parameter combinations are consistent with overconfidence with respect to
entrepreneurship, as stated in Definition 4.24

It is in fact rather difficult to provide a simulation scenario where the behavioral
rule abandons entrepreneurship. As the behavioral index converges to φe

25, we have
to impose φe < b(xw,0). For all φe > b(xw,0)—b(xw,0) can become quite small as it
decreases if uncertainty aversion increases—, the probability of a behavioral-index-
induced correction of overconfidence is small. Furthermore, note that, besides

23Assumptions result in ĝ(xe,0) > ĝ(xw,0), b(xe,0) > b(xw,0), and b(xw,0) > 0.
24The expected success probability of entrepreneurship is larger than of wage work, µ(xe,0 = (10, 5)) >

µ(xw,0 = (3, 4)); there is less uncertainty about success in entrepreneurship than in wage work,
σ(xe,0 = (10, 5)) < σ(xw,0 = (3, 4)); and the actual probability to succeed in entrepreneurship is
smaller than the expected one, φe < µ(xe,0 = (10, 5)), where φe ∈ {0.05, 0.10, 0.15}.

25See Appendix A where (in the proof of [PB4]) it is demonstrated that P{limhi→∞ b(xi,hi ) = φi } = 1,
where hi is the number of times option i ∈ O−u is selected.
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(C3) and (C4), conditions in Proposition 5 are violated. Consequently, the scenario
exemplifies that a failure to efficiently correct overconfidence due to uncertainty
aversion may occur even under conditions weaker than in Proposition 5. Lastly,
notice that the signal used in the second scenario, se,t where each signal component
is πe,t = 1 with probability φe > 0 or πe,t = 0 with probability 1 − φe > 0, is more
ambiguous, and, therefore, more realistic than the “complete failure signal” s∗e,t used
in Proposition 5.

5.3.2 Simulated decisions

Figure 3a depicts simulation averages of transition intensity, normalized by average
optimal levels, conditional on different levels of uncertainty aversion. The figure
reveals that uncertainty-averse individuals transition less than optimal and that
the gap between optimal and uncertainty-aversion-affected transition intensity
increases if uncertainty aversion increases. Very high uncertainty aversion results in
no transitions at all. As the same result is obtained in a model with predetermined
absorption, I conclude that uncertainty-aversion effects are consistent across all
model versions discussed.

Figure 3a is consistent with observations on actual transitions (see Figure 1) and
actual levels of uncertainty aversion (see Figure 2). In reality, high uncertainty aver-
sion goes along with low transition intensity. In the model, increasing uncertainty
aversion reduces transition intensity such that the aforementioned empirical result
is reproduced.

In Figure 3b, it is assumed that entrepreneurship is the most uncertain option.
To examine sampling from less uncertain options, the figure depicts simulation
averages of sampling frequencies, normalized by the overall number of observations,
of unemployment and wage work. The figure shows that high uncertainty aversion
leads to oversampling from unemployment and wage work. Lower uncertainty
aversion does not result in oversampling from unemployment but oversampling
from wage work is still present. However, oversampling disappears if the level of
uncertainty aversion is very small, such that individuals are almost uncertainty-
neutral. The results are consistent with effects in a model with predetermined
absorption. Insights may be summarized as follows.

SIMULATION RESULT 1. (Consistency between full model and model with predeter-
mined absorption) Empirically plausible uncertainty-aversion effects on transition
intensity and effects on sampling frequencies derived inside the framework of a choice
model with predetermined absorption are also present in a model with unexpected
termination and, therefore, will also be present in the full model (observed over a
finite time interval).

In Figure 4, I plot simulation averages of the earliest transition period (transitions
from entrepreneurship to wage work), given that gamblers are overconfident with
respect to entrepreneurship in early periods of their careers. In the figure, it is
demonstrated that uncertainty-averse individuals transition later than optimal to
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FIGURE 3: Transition intensity and sampling from less uncertain options (first simulated
scenario)
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(b) Oversampling from less uncertain options

wage work and that increasing uncertainty aversion delays the transition period, as
predicted by Proposition 5.

An additional result, not part of Proposition 5, is that uncertainty-aversion-
affected transition time is increasing in the “ambiguity” of the signal. To see, note
that, given prior information xe,0, the gambler rather expects a success than a non-
success. If we consider a setting with φe = 0.05, the signal the gambler receives is
rather unambiguous as in most periods entrepreneurship generates a nonsuccess.



36 CAREER CHOICE UNDER UNCERTAINTY

FIGURE 4: Correction of false beliefs (second simulated scenario)
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NOTE: The figure presents simulation averages of the earliest transition period (from wage work to entrepreneurship).

In the setting with φe = 0.05, an uncertainty-averse individual maximally needs less
than 2.3 times longer than optimal to correct overconfidence. If we make the signal
slightly more ambiguous by increasing the success probability of entrepreneurship
from φe = 0.05 to φe = 0.15 (the signal predominantly generates nonsuccesses,
however, there are more successes than in case of φe = 0.05), an uncertainty-averse
individual maximally needs more than 3.5 times longer than optimal to correct
overconfidence with respect to entrepreneurship.

As there is plenty of evidence that entrepreneurs are overconfident (Busenitz &
Barney 1997; Camerer & Lovallo 1999; Bernardo & Welch 2001; Koellinger et al. 2007)
and, according to the bandit choice model, uncertainty-averse and overconfident en-
trepreneurs learn inefficiently such that overconfidence may need an exceptionally
long time to be corrected, the bandit choice model with a decision rule accounting
for uncertainty aversion explains an observation like the earnings puzzle. Summa-
rizing results of the second simulation scenario, we obtain the following:

SIMULATION RESULT 2. (Uncertainty aversion and overconfidence)Higher uncertainty
aversion is associated with a less efficient correction of false beliefs even when not
all conditions in Proposition 5 hold. Furthermore, a signal more ambiguous than a
complete failure may further impede the correction of overconfidence. In general, a
non-optimal correction of overconfidence leading to earnings-puzzle-like observations
is a likely scenario if entrepreneurs are uncertainty-averse.

Summarizing the above, an increase in uncertainty aversion induces an increase
in the propensity to select a relatively less uncertain option and impedes the cor-
rection of false beliefs. These predictions are tested with empirical data in the next
section. Furthermore, the optimal rule and the behavioral rule (with a sufficiently
low level of uncertainty aversion) produce transitions between occupations across
all model versions, reproducing the empirical observation that many individuals
have mixed careers consisting of entrepreneurship and wage work spells (see, e.g.,
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Burke et al. 2008). In the bandit model, high uncertainty aversion is associated
with a small number of transitions between occupations, which is consistent with
empirical observations. Finally, as the capacity to correct false beliefs is limited
by uncertainty aversion and entrepreneurs tend to be overconfident—they have
too positive beliefs with respect to entrepreneurial success—, uncertainty aversion
provides an explanation for the earnings puzzle.

6 Empirical evidence on model predictions

The bandit model generates a number of testable predictions. Two especially in-
teresting predictions include, first, that higher uncertainty aversion will result in a
higher probability to select a “sure” option; and, secondly, that higher uncertainty
aversion will reduce the learning efficiency of entrepreneurs. Note that the two pre-
dictions hold at different levels: The first prediction applies to general occupational
choices, while the second prediction is specific for entrepreneurs.

However, there is a significant problemwith data availability. There are many data
sets featuring a measure of risk aversion but there are few measures of uncertainty
aversion. As the concepts of risk and uncertainty are quite different, risk aversion is
not necessarily a good proxy for uncertainty aversion. The only established measure
of uncertainty aversion that I am aware of is Hofstede’s uncertainty avoidance index
(Hofstede et al. 2010), which was discussed in Section 2. Hofstede’s index is available
for a number of countries but the index does not vary over time. Thus, relying
on Hofstede’s index has the downside that one can only exploit the cross-country
dimension where data availability is significantly restricted. Though the results could
profit from more data (a replication study is definitely required), I demonstrate that
both predictions above are consistent with available data.

6.1 First hypothesis: Uncertainty aversion increases propensity to
avoid uncertain options

A testable version of the prediction that increasing uncertainty aversion will amplify
the tendency to select a “sure” option, based on Proposition 4 and 7, is as follows.

HYPOTHESIS 1. (Avoiding uncertain options) Compared to a low level of uncertainty
aversion, a higher aversion level is associated with a lower probability to select en-
trepreneurship because the propensity to select an option with low uncertainty in-
creases.

In the bandit choice model, the low-uncertainty option is represented by un-
employment. Some types of wage work can also be a low-uncertainty option. An
example is Japan’s lifetime employment system where workers are hired immediately
after their graduation and, on the basis of a gentlemen’s agreement, are not laid
off until they retire (Sullivan & Peterson 1991). However, there is no indication that
entrepreneurship generally represents the most certain option as entrepreneurs are
usually confronted with new problems that cannot be fully anticipated, whereas
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wage workers and the unemployed solve rather well-known problems. Furthermore,
information about entrepreneurship is generally scarcer than information about
non-entrepreneurial options (see, for instance, Kelley, Brush, Greene & Litovsky
2013).

6.1.1 Modeling uncertainty aversion and choice of entrepreneurship

I assess the first prediction with a clustering model. Assume that we can observe the
uncertainty aversion and the probability to select entrepreneurship of individual
(country) j = 1, . . . , Nj . Let Pe j denote j ’s probability to select entrepreneurship
and let, furthermore, λe

j denote j ’s uncertainty-aversion type. Using a parsimonious
model, I simply consider the joint distribution of Pe j and λe

j , where Pe j and λe
j

are combined into vector xj = [λe
j , Pe j ]>. I assume that xj can be modeled with a

Gaussian mixture model of the following form:

Nj∏
j=1




Nc∑
c=1

pc fc (xj ;mc, Σc )



(34)

fc (xj ;mc, Σc ) = (2π)−1 |Σc |− 1
2 exp

(
−
1
2
[xj −mc ]>Σ−1c [xj −mc ]

)
Nj is the overall number of individuals or observations. Nc is the number of clusters.
pc > 0 is the probability that an observation belongs to cluster c . Note that

∑Nc
c=1 pc =

1. mc = [λ̄c, Pe c ]> is a cluster-specific mean and Σc is a cluster-specific covariance
matrix.

The mixture model in Equation (34) allows data to be clustered such that different
clusters of observations might be generated by different distributions. The number
of clusters is finite. Σc can be written in terms of its Eigen decomposition such that

Σc = κcAcScA>c

where κc is the volume, Ac the orientation, and Sc the shape (Banfield & Raftery
1993). I use 10 different specifications of Σc that differ with respect to how they treat
group differences. For instance, it can be assumed that volume and shape can be
equal across clusters but not orientation. For the number of clusters, I assume a
maximum of 9 clusters, i.e., Nc ∈ {1, 2, . . . , 9}.

In its most parsimonious version, Hypothesis 1 requires only two clusters: a cluster
with moderate or low average uncertainty aversion and a cluster with high average
uncertainty aversion. According to Hypothesis 1, the cluster with high average uncer-
tainty aversion should exhibit a lower average probability to select entrepreneurship
than the other cluster. I will show that given a number of alternative empirical
models the best-performing model is the one suggested by Hypothesis 1.
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6.1.2 Data on uncertainty aversion and choice of entrepreneurship

I use Hofstede’s uncertainty avoidance index, available from Hofstede (2015) and
described in Hofstede et al. (2010), as a proxy for uncertainty-aversion type. Hof-
stede’s index is never negative and more uncertainty aversion is represented by
higher index values. To make Hofstede’s index and the bandit model’s uncertainty
preferences parameter λ comparable, I multiply the index by negative 1. After the
transformation, more uncertainty aversion is represented by smaller index values.

To measure the probability to select entrepreneurship, I rely on established busi-
ness ownership rates, representing the long-term tendency of a society to select
entrepreneurship, provided by the Global Entrepreneurship Monitor and available
from GEM (2015). Business ownership data is annual and the range of periods is
2001–2013 but not all periods are available for all countries. However, since Hofstede’s
index is time-invariant, I average over all available periods.26 As a result, I have 67
joint observation of average business ownership rate and uncertainty-aversion type.

6.1.3 Joint distribution of uncertainty aversion and the probability to
select entrepreneurship

Empirical models are estimated with the expectation-maximization algorithm.27

Table 4 depicts the Bayesian information criterion (BIC) for estimated models. A

TABLE 4: Explanatory performance of different model specifications, where the best model
is marked by an asterisk

NUMBER OF CLUSTERS BIC OF BEST COVARIANCE SPECIFICATION
1 − 1006.12
2 − 997.92∗

3 − 1003.24
4 − 1010.01
5 − 1019.69
> 5 6 −1025.16

higher BIC indicates better explanatory performance given a penalty for model
complexity.

According to Table 4, the best model has two clusters. The model suggested by

26Data characteristics are provided in Appendix C.
27To estimate the model, I use the mclust package in R. An alternative suggested by Fraley & Raftery
(2007) is to replace the maximum-likelihood estimator, in the expectation-maximization algorithm,
by a maximum-posterior estimator. This modified approach can substantially reduce the number
of non-fitted models. However, the general result (provided upon request) does not change. An
additional concern is that established business activity may underestimate the amount of information
about entrepreneurship (those who abandon entrepreneurship also provide information) such that
the assumption that entrepreneurship is the most uncertain option available becomes problematic.
To address this issue, I estimate the model only with countries that have an average business activity
rate not above 10%. Results (provided upon request) are still consistent with Hypothesis 1.
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Table 4 has the following cluster means:

m1 =

[
λ̄1 = −54.297
Pe 1 = 9.129

]
, m2 =

[
λ̄2 = −85.271
Pe 2 = 5.336

]

where the first element is average uncertainty-aversion type and the second the
average rate of established business activity. Figure 5 shows 100,000 draws from

FIGURE 5: Density of the best model according to Bayesian information criterion
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the best model’s density. The average business ownership rate of the high-aversion
cluster (the dark-gray cluster with meanm2) is lower than the corresponding rate of
the cluster with low or moderate uncertainty aversion (the light-gray cluster with
meanm1). Hence, I obtain the following result consistent with Hypothesis 1:

EMPIRICAL RESULT 1. (Avoiding uncertain options) Higher uncertainty aversion is
associated with a lower level of long-term entrepreneurial activity.

6.2 Second hypothesis: Uncertainty aversion reduces learning
efficiency of entrepreneurs

Consider two individuals whose only difference is how strong they dislike uncer-
tainty. Both individuals exhibit the same level of overconfidence with respect to
entrepreneurship. Assume that both individuals start an own company. Accord-
ing to the theoretical model, the more uncertainty-averse individual will learn less
efficiently than the less uncertainty-averse individual. Consequently, the more un-
certainty-averse individual has a higher probability to survive in entrepreneurship
than the less uncertainty-averse individual given the same conditions because the
less uncertainty-averse individual will correct her false beliefs (she is overconfident)
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more efficiently than will the more uncertainty-averse individual (who is also over-
confident). Hence, the bandit model makes the following testable prediction, on
the basis of Proposition 5:

HYPOTHESIS 2. (Firm survival depends on uncertainty aversion) Given that overcon-
fidence of entrepreneurs is a common phenomenon, the probability of firm death
should be lower for individuals with relatively high uncertainty aversion than for
individuals with relatively low uncertainty aversion.

6.2.1 Modeling uncertainty aversion and entrepreneurial survival

To test Hypothesis 2, I examine the impact of uncertainty aversion on firm death
rates. Let D ∈ (0, 1) denote the death rate of firms. Assume that death rates are
individual- and time-specific, where individuals (countries in our setting) are in-
dexed by j and time by t . Rates assume values in (0, 1); the distribution of rates
is not necessarily symmetric; and there also might be heteroskedasticity. Hence,
a simple linear regression might not be appropriate. In such a setting, Ferrari &
Cribari-Neto (2004) propose to use a beta regression.28 Ferrari & Cribari-Neto (2004)
suggest to parameterize the beta distribution in terms of its mean and precision.29

Using the parameterization suggested by Ferrari & Cribari-Neto (2004), I assume
the following:

D j,t ∼ B(µD
j,t , γ

D ), µD
j,t = logit−1(ηj,t ), γD is constant (35)

such that death rates D j,t follow a beta distribution with mean µD
j,t and constant

precision γD . ηj,t is a linear function of uncertainty aversion type and a number of
additional covariates that is connected to the mean by a logit-link function. Mean
and variance both vary across time and individuals such that we do not have to
assume homoskedasticity:

E[D j,t ] = µD
j,t , V[D j,t ] =

µD
j,t (1 − µD

j,t )
1 + γD

Data is used to predict ηj,t given by

ηj,t = constant + rλ1{j ∈ H } + c>j,t r (36)

The indicator 1{j ∈ H }, capturing uncertainty aversion types, is 1 if country j has
relatively high uncertainty aversion (i.e., j belongs to the high-uncertainty-aversion
group [type] H ) and zero else. cj,t is a vector of additional covariates. rλ and r

28For further studies employing the relatively new beta regression approach, see, e.g., De Paola, Scoppa
& Lombardo (2010) and Buntaine (2011).

29Let µD denote the mean and γD the precision. A beta distribution is traditionally parameterized in
terms of αD and βD such that density is f (y ; αD, βD ) = B(αD, βD )−1y α

D−1(1 − y )βD−1. A param-
eterization in terms of µD = αD (αD + βD )−1 and γD = αD + βD yields density f (y ; µD, γD ) =
B(µDγD, [1 − µD ]γD )−1y µDγD−1(1 − y )[1−µD ]γD−1.
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are coefficients to be estimated. According to Hypothesis 2, I expect rλ < 0 such
that belonging to the high-uncertainty-aversion type decreases (average) firm death
rates.

As a robustness test, I also estimate a simple linear regression

D j,t = ηj,t + εD (37)

where εD is an error term with the usual OLS properties.

6.2.2 Data on entrepreneurial survival

I use the same measure of uncertainty aversion as before, i.e., a transformed version
of Hofstede’s index. Figure 6 shows country-specific uncertainty aversion levels. I

FIGURE 6: Levels of uncertainty aversion (smaller values indicate more aversion)
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Uncertainty aversion levels

assume that uncertainty aversion is relatively high if the level of uncertainty aversion
is below –60, which is indicated with a horizontal line in Figure 6.

OECD (2015) provides a small unbalanced panel of annual enterprise death rates
for a number of countries. Death rates are reported for the period from 2006 to 2012
but some periods are missing for some countries.30 Additional covariates (captured
by vector c) are the following: GDP growth, inflation, real interest rates, start-up
costs, the unemployment rate, and average ease of doing business. All covariates
are provided by the World Bank and available from World Bank (2015).

Average ease of doing business is constructed on the basis of annual indicators,
where a higher indicator value corresponds to a situation where doing business is
easier, and is used to measure between-country differences in ease of doing busi-
ness.31 It should be noted that average ease of doing business and country-specific

30Data characteristics of enterprise death rates are provided in Appendix C.
31In Appendix C, I provide characteristics of the ease of doing business indicator.
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uncertainty aversion are highly correlated (correlation: 0.645; p-value: ≈ 0), imply-
ing that in countries where uncertainty aversion is lower doing business is easier
(or vice versa). Hence, by including average ease of doing business indicators, it is
possible to capture country differences that are related to the business environment
but not directly related to uncertainty preferences.

The period 2006–2012 includes the financial crisis, which affected entrepreneurial
survival. Therefore, I construct a crisis dummy that is 1 in year 2008, 2009, and 2010,
but zero else.32 A total of 89 joint observations are available for analysis.

6.2.3 Effects of uncertainty aversion on the death of firms

The beta regression model, given by (35) and (36), is estimated by maximum like-
lihood with the bias correction proposed by Kosmidis & Firth (2010).33 The linear
model, given by (36) and (37), is estimated using OLS with heteroskedasticity-robust
standard errors. Estimation results are presented in Table 5. With the exception of

TABLE 5: Determinants of firm death rates

VARIABLE BETA REGRESSION OLS
Coefficient Standard error Coefficient Standard error

Constant −4.094∗∗∗ (0.639) −0.047 (0.045)
Belonging to high-
uncertainty-aversion
groupa

−0.256∗∗ (0.120) −0.016∗ (0.009)

GDP growth −0.025∗∗∗ (0.009) −0.002∗∗∗ (0.001)
Inflation 0.036∗∗ (0.014) 0.003∗∗∗ (0.001)
Real interest rate 0.022∗∗∗ (0.006) 0.002∗∗∗ (0.000)
Start-up costs 0.041∗∗∗ (0.008) 0.003∗∗∗ (0.001)
Unemployment rate 0.007 (0.014) 0.001 (0.001)
Average ease of doing
businessb 0.019∗∗∗ (0.007) 0.001∗∗∗ (0.000)
Crisis dummy 0.139∗ (0.083) 0.009 (0.006)
Precision 99.77∗∗∗ (12.910)

Pseudo R2 = 0.352 R2 = 0.349
a Indicator is 1 if country belongs to high-uncertainty-aversion group and zero else.
bAn increase in the indicator signifies that doing business becomes easier.
∗∗∗significant at 1%-level; ∗∗significant at 5%-level; ∗significant at 10%-level
NOTE: Standard errors are in parentheses; in case of OLS, standard errors are robust.

significance levels and effect sizes, there is no substantial difference between the
beta regression and OLS.

Significant effects not related to uncertainty aversion are all plausible—though,
they are not necessarily causal. For instance, an increase in GDP growth significantly
reduces death rates, which is a plausible effect since improved demand conditions

32The crisis dummy is, as it might be expected, positively correlated with entrepreneurial death rates
(correlation: 0.266) and the correlation is significant at a 5%-level (p-value: 0.012).

33Maximum-likelihood based beta regressions are implemented in the R-package betareg.
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should foster entrepreneurial survival. An increase in real interest rates, correspond-
ing to tighter restrictions on borrowing money, significantly increases death rates.
An increase in start-up costs, reducing available resources for entrepreneurial sur-
vival by imposing higher entry barriers, also significantly increases death rates. The
financial crisis significantly increases death rates—this results holds for the beta re-
gression only. An interesting finding is that if doing business becomes easier, death
rates are increased, which is a plausible result if ease of doing business reflects
competition effects: If doing business becomes easier, competition is intensified
such that survival probabilities decrease.

What is most important, belonging to the high-uncertainty-aversion type sig-
nificantly decreases death rates in the beta and the OLS model: The estimated
coefficient of uncertainty aversion, in Table 5, is negative and significant at the
5%-level in case of the beta regression and at the 10%-level in case of the OLS model.
Consequently, I establish the following result consistent with Hypothesis 2:

EMPIRICAL RESULT 2. (Firm survival depends on uncertainty aversion) Higher uncer-
tainty aversion is associated with a higher probability of firm survival.

To summarize, two central choice patterns predicted by the bandit model are con-
sistent with available data.

7 Conclusion

Uncertainty is an unavoidable feature of daily life. Career decisions are also con-
fronted with uncertain rewards. Yet, practically all approaches modeling occupa-
tional choices in the literature discuss choices under the assumption that choice
outcomes are either deterministic or risky. The aim of this paper is to take a renewed
perspective on occupational choice by constructing a model where, in contrast to
existing literature, it is assumed that some choice outcomes are uncertain—the
distributions of rewards in entrepreneurship and wage work are unknown.

This paper provides a tractable and flexible formulation of a Bayesian multi-
armed bandit model with three arms representing the occupational options wage
work, entrepreneurship, and unemployment. Decisions are derived from either
an optimal rule or a decision rule accounting for uncertainty aversion, where the
rule accounting for uncertainty aversion is consistent with available experimental
results on the behavior of actual individuals playing bandits. The model generates
career trajectories ranging from pure wage workers and entrepreneurs to individuals
mixing spells in wage work, entrepreneurship, and unemployment. As mixed careers,
which are not generated by most contemporary occupational choice models, are
common and likely to become more important as traditional career paths (a worker
is employed in one firm for a long period of time) gradually become less frequent,
the bandit model is a particularly appropriate approach to analyze career choices.

With respect to effects of uncertainty preferences in a decision environment with
elements of uncertainty, I show that sufficiently high uncertainty aversion has a
number of negative consequences such as insufficient transitions between occupa-
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tional options and oversampling from less uncertain options, where the benchmark
is individually optimal behavior. Furthermore, sufficiently high uncertainty aversion
introduces inefficiencies into the correction of false beliefs of individuals exhibiting
overconfidence. In conjunction with the observation that entrepreneurs tend to be
overconfident, inefficient learning explains an observation like the earnings puzzle.

Regarding observable decision patterns, the bandit model predicts that high-
aversion societies have lower entrepreneurship levels than low-aversion societies
and that, under plausible conditions, firm death rates should be higher in low-
aversion than in high-aversion societies, as the former learn more efficiently than
the latter. Although there are some restrictions on data availability, existing data
supports both predictions.

The model presented in this paper has some advantages over alternative occu-
pational choice models. A main advantage of the model is that career trajectories
are a natural feature of the dynamic solution of individual occupational choice
problems and that learning efficiency is linked to a simple psychological variable in
the form of uncertainty aversion. Still, there are also shortcomings requiring further
research. For instance, in the model, I postulate occupation-specific probabilities to
succeed but success probabilities should rather not be treated as primitives, making
it necessary to introduce lower-level determinants of occupational successes.
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Appendix A

This appendix demonstrates the properties of the behavioral rule mentioned in the
main text.

Proof of (PB1). Let bi,t := b(xi,t ). Furthermore, let bj,t = max{bw,t , be,t }. Assume
that in period t we are required to select a safe option u over a non-safe option
j , u because bj,t−1 6 0. Then, bi,t = bi,t−1 for all i ∈ O because we do not obtain
any new information by selecting unemployment. Consequently, bj,t 6 0. Hence: If
bj,t 6 0, then bj,h 6 0 for all h ∈ {t + 1, t + 2, . . . } and j , u by induction. There are
two interesting starting points. First, we will start with u in period 1 if bj,0 6 0 and
there will be no transitions at all. Second, we will start with option j , u if bj,0 > 0
and there will be no changes of occupational status after t ∗ if for some t ∗ > 1 we
have bj,t ∗−1 6 0. �

Proof of (PB2). We show the existence of unusual individual types: Type-G indi-
viduals gamble for the sake of gambling, while type-P individuals are paralyzed by
uncertainty.
TYPE G. An option generating a success with a known probability of 100% has the
behavioral index b = 1. Thus, there exists a critical value λG (x, γb) > 0 such that
b(x; λ, γb) > 1 if λ > λG where

λG (x, γb) = β

γb
[

αβ
β3+(3α+1)β2+(3α2+2α)β+α3+α2

] 1
2
> 0

If λ > λG (xt , γb) for some t , the gambler will gamble for the sake of gambling for at
least one period. Conditions for being of type G are quite restrictive as they demand
(a high level of) uncertainty affinity.
TYPE P. The behavioral index of unemployment is zero. An individual is paralyzed
if all options i ∈ O−u are uncertain and λ 6 min{λP (xe, γb), λP (xw, γb)} such that
max{b(xe ; λ, γb), b(xw ; λ, γb)} 6 0. The critical value is

λP (x, γb) = − α

γb
[

αβ
β3+(3α+1)β2+(3α2+2α)β+α3+α2

] 1
2
< 0

Note that if λ 6 min{λP (xe,0, γb), λP (xw,0, γb)}, no other option than unemploy-
ment will ever be selected. Paralysis requires relatively modest levels of uncertainty
aversion if the number of observations is low. Hence, being paralyzed is more
realistic than being a gambler for the sake of gambling. �

Proof of (PB3). The behavioral rule does not always stay on a winner. A success can
make an option more uncertain if not expected and an uncertainty-averse gambler
might switch from a winner. Furthermore, there are individuals who like uncertainty
and who would switch from a successful option because a success makes an option
less uncertain. Let i be an option producing a success and j a second option. Assume
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that
b(αi, βi ; λ, γb) > b(αj, βj ; λ, γb)

such that option i is selected. After option i is selected, it is assumed to generate
a success. Consequently, if b(αi + 1, βi ; λ, γb) > b(αi, βi ; λ, γb), the gambler would
always stay on a winner. If b(αi + 1, βi ; λ, γb) < b(αi, βi ; λ, γb), the gambler does not
necessarily stay on a winner since we might have b(αi +1, βi ; λ, γb) < b(αj, βj ; λ, γb).
Put differently, if we have

λγbz (α, β) > µ(α + 1, β) − µ(α, β), z (α, β) := σ(α, β)
γ

−
σ(α + 1, β)

1 + γ

the gambler might not stay on a winner. Note that µ(α+1, β)− µ(α, β) > 0. In most
cases, we have z (α, β) > 0 and not staying on a winner requires

λ >
µ(α + 1, β) − µ(α, β)

γbz (α, β) > 0

such that uncertainty-averse individuals will always stay on a winner. However, if
a success was not expected, we could have z (α, β) < 0. For instance, if α = 1 and
β = 10, which is an event with a positive probability if φ ∈ (0, 1), a success is not
expected such that z (1, 10) < 0. In such a case, the gambler will not stay on a winner
and switch from option i to j if uncertainty aversion is sufficiently high or, more
precisely, if

λ <
µ(αj, βj ) − µ(αi + 1, βi )

γb
[
σ(αi + 1, βi )[γi + 1]−1 − σ(αj, βj )γ−1j

]

�

Proof of (PB4). The property is easy to verify if we consider a choice between un-
employment and a non-unemployment option. We can always find a λ ∈ R− such
that bi,h 6 0 for all i ∈ O−u and some period h > 0. Given that unemployment is
selected in one period, unemployment is selected in all consecutive periods (see
property [PB1]). This is independent from true success probabilities φe and φw such
that the best option might not be identified. However, the property also holds if
we assume that unemployment is never weakly better than a non-unemployment
option:

qu := P
�
bi,t > 0 for all i ∈ O−u and all t

	
= 1

Note that qu = 1 requires

λ > −
γi,t µi,t

γbσi,t
for all i ∈ O−u and all t

which, for instance, holds if individuals are uncertainty-affine. The following ar-
gument is a modified version of Theorem 2 in Brezzi & Lai (2000). To see that the
property holds in a situation where qu = 1, first, consider the following two condi-
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tions:
P

{
lim

t→∞
µi,t = φi

}
= 1 (A.1)

P

{
lim

t→∞
σ̂i,t = 0

}
= 1 (A.2)

where σ̂i,t := σi,t /γi,t . Note that t is, here, the number of times option i is sampled
from. To get (A.1), use the assumption that the initial prior x0 = (α0, β0) is sampled
from a distribution with the right success probability φ, and note that

µt =
αt

γt
=

1
t

Bt , Bt :=
t∑

h=1

bt , bt ∼ Bernoulli(φ), E[b] = φ

where I slightly abuse notation to extend the number of observed periods to pseudo
observations, x0. By applying the Strong Law of Large Numbers, we obtain (A.1). To
show (A.2), note that if pseudo observations are sampled from the correct distribu-
tion, we have αt = Bt and βt = t − Bt , such that

σ̂t =
1

t 2

[
Bt (t − Bt )

t 3 + t 2

] 1
2

where 0 6 Bt 6 t . Now, notice that for a fixed t the expression Bt (t − Bt ) takes a
maximum at Bt = t /2 such that we get

σ̂t =
1

t 2

[
Bt (t − Bt )

t 3 + t 2

] 1
2

6
1

2t [t 2(t + 1])] 12
for all t

By letting t → ∞, we obtain (A.2). If (A.1) and (A.2) are combined, we get

P

{
lim

t→∞
bi,t = lim

t→∞
µi,t + λγb lim

t→∞
σ̂i,t = φi

}
= 1 (A.3)

According to (A.3), an infinite amount of information is equivalent to perfect infor-
mation. Hence, if the gambler selects an occupational option for an infinite amount
of periods, she will almost surely learn the true success probability of this occupa-
tional option. Yet, only one occupation will be selected for an infinite number of
periods. To see this, define the number of periods option i ∈ O−u is selected by Ti,t

and let T∞i := limt→∞Ti,t . On the event T∞e = ∞, be,t → φe almost surely. On the
event T∞w = ∞, bw,t → φw almost surely. But, since only the occupation with the
highest index is selected, we cannot simultaneously have T∞e = ∞ and T∞w = ∞ if
φe , φw or

P
�
T∞i < ∞ for all i ∈ O−u except one i

	
= 1

It can be demonstrated that the best option i ∗ is not necessarily the option selected
for an infinite number of periods or

P
�
T∞i ∗ < ∞

	
> 0 (A.4)
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To obtain (A.4), assume, without loss of generality, i ∗ = w such that φw > φe . Let

qe := P
�
be,t > ε for all t > 0

	
(A.5)

for some ε and let
qw := P

�
bw,k < ε

	
(A.6)

for some k . Consider the joint probability of the event in (A.5) and (A.6) given by

q∗ := P
�
bw,k < ε 6 be,t for all t > 0

	

If q∗ > 0, (A.4) holds. Note that be and bw are independent as the underlying
options we sample from are independent. By independence, we get q∗ = qe qw .
Let ε ∈ (0, φe ). Given qu = 1 and (A.3), we can always find a ε such that qe > 0.
It is also obvious that qw > 0. For instance: Let xw,0 = (1, 1), which occurs with
probability φw [1 − φw ] > 0 if the initial prior is sampled from a distribution with
success probability φw . Assume that we obtain k nonsuccesses. The probability to
obtain k nonsuccesses is given by [1 − φw ]k > 0. In such a setting, we get

bw,k =
γb

[
k+1

k 3+7k 2+16k+12

] 1
2 λ + 1

k + 2

such that

dbw,k

dk
= −

√
k + 3γb(2k 2 + 7k + 4)λ + √k + 1(k 3 + 8k 2 + 21k + 18)
√

k + 1(k 5 + 12k 4 + 57k 3 + 134k 2 + 156k + 72) < 0

if

λ > −

√
k + 1(k 3 + 8k 2 + 21k + 18)
√

k + 3(2k 2 + 7k + 4)γb
As bw,k monotonically approaches zero as k increases, it is always possible to gen-
erate a sequence of events with a positive probability such that bw,k < ε. Hence:
q∗ > 0. �

Appendix B

This appendix compares choice patterns produced by the behavioral rule to patterns
obtained in Bernoulli bandit experiments. Most experiments analyze the explanatory
performance of the optimal decision rule and try to classify deviations from optimal
behavior.

Deviations are quite common (see Meyer & Shi 1995; Anderson 2001; Gans et al.
2007). Some results are strongly consistent with the behavioral rule. For instance,
Anderson (2001) finds that individuals experiment less than optimal and that this
phenomenon is best explained by uncertainty aversion. According to Anderson
(2001), individuals follow a rule with a lower than the optimal index. Brezzi & Lai
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(2000) demonstrated that the optimal index has the following boundaries: µ 6 g 6
µ + δ(1− δ)−1σ. An uncertainty-averse gambler deciding according to the behavioral
rule has an index b < µ 6 g. Put differently, an uncertainty-averse gambler following
the behavioral rule operates with an index that is always lower than the optimal
Gittins index.

Two empirical findings that are not obviously consistent with the behavioral rule
are as follows.

(R1) Steyvers et al. (2009) calculate behavioral characteristics (denoted
henceforth by BCHAR) for individuals experimenting with Bernoulli
bandits with varying success distributions. A BCHAR is, for instance,
the number of times individuals selected an option with fewer suc-
cesses and nonsuccesses than an alternative option, which is inter-
preted as a measure of exploratory behavior. Steyvers et al. (2009) find
no significant correlation between any of the BCHARs and personality
traits.

(R2) Gans et al. (2007) apply different rules to data generated by individu-
als who played with Bernoulli bandits. Gans et al. (2007) establish a
ranking of the explanatory performance of different rules.

The first result (R1) appears to contradict my assumption that decisions are af-
fected by personality (through the parameter λ). The ranking of Gans et al. (2007),
result (R2), should be reproducible with data generated by the behavioral rule. I
show that both empirical findings are consistent with the behavioral rule.

B.1 Personality and simple characteristics of behavior

The rationale behind the first test is based on the idea that personality can determine
individual levels of uncertainty aversion but aspects of uncertainty-averse behavior
can look exactly the same across different levels of aversion. In other words, uncer-
tainty aversion does not have a linear effect on behavior. A BCHARmight capture the
difference between an uncertainty-averse and an uncertainty-neutral individual but
BCHARs may not capture the difference between two uncertainty-averse individuals.

Let χ ∈ R denote an observable personality trait. Let dχ,λ denote a draw from
the joint distribution of the observable personality trait and λ ∈ R representing
uncertainty preferences. The joint distribution is bivariate normal. I assume that
personality almost completely determines the parameter λ such that the correlation
between χ and λ is 0.99 (almost perfect). The personality trait has a variance of
1; the uncertainty-preferences parameter has a variance of 2; and the mean of the
personality trait is zero.

There are four groups of individuals. Each group corresponds to 100 draws of
dχ,λ .
FIRST GROUP: For this group, I assume that the mean of λ is –50. Individuals from
group 1 are uncertainty averse with a probability of almost 100%.
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SECOND GROUP: For this group, the mean of λ is –10. Individuals from group 2 are
uncertainty averse with a very high probability but the probability is slightly smaller
than for individuals from group 1.
THIRD GROUP: The mean of λ is zero. A member of group 3 is uncertainty averse
with a probability of 50%.
FOURTH GROUP: For the last group, I assume that the mean of λ is 10 such that
group-4 individuals are uncertainty averse with a probability of around 0%.

TheMonte Carlo experiment proceeds as follows. First, groups are drawn. Second,
individuals in each group use the behavioral rule to play with a two-armed bandit
over 100 periods. The bandit setting corresponds to the setting used by Steyvers et al.
(2009). After each individual finishes the game, five BCHARs, which are described
below, are calculated. Then, the algorithm computes the correlation between BCHARs
and the observable personality trait. This procedure is repeated 1,000 times for each
combination of priors and success probabilities.

The five BCHARs, which are also calculated by Steyvers et al. (2009), are as follows.
EXPLOITATION is the number of times the gambler selected an option with more
successes and more nonsuccesses than the alternative option. EXPLORATION is
the number of times the gambler selected an option with fewer successes and
fewer nonsuccesses than the alternative option. BETTER is the number of times the
gambler selected an option with more success and fewer nonsuccesses than the
alternative option. WORSE is the number of times the gambler selected an option
with fewer successes and more nonsuccesses than the alternative option. UNTRIED
is the number of times the gambler selected an option never selected before.

Decisions can be influenced by decision noise. Noise is defined as follows.

DEFINITION B. (Decision noise) A rule-based behavior is said to be affected by
decision noise ε ∈ (0, 0.5] if, in some situation, given two different options 1 and 2,
a decision rule prescribes to select (a) option 1 with probability 1 and option 2 with
probability zero or (b) option 1 with probability zero and option 2 with probability
1 but the gambler selects (a) option 1 with probability 1 − ε and option 2 with
probability ε or (b) option 1 with probability ε and option 2 with probability 1 − ε.

ε is the probability to make a mistake by deviating from the prescribed choice
probability. I set ε = 0.01 such that there are only very few mistakes.

Figure B.1 presents median correlations between the personality trait and BCHARs
conditional on group affiliation. BETTER and WORSE do not capture any trait differ-
ences inside groups. EXPLOITATION, EXPLORATION, and UNTRIED reflect trait differ-
ences inside groups if there are some uncertainty-neutral or uncertainty-seeking
individuals in the group. The correlations are plausible. For instance, an increase
in the personality trait, which goes along with a reduction in uncertainty aversion,
is associated with a decrease in EXPLOITATION-behavior and an increase in EXPLO-
RATION-behavior. However, given that there is an almost perfect correlation between
the personality trait and the uncertainty-aversion parameter λ determining behavior,
correlations between the personality trait and BCHARs are rather small. The correla-
tions also tend to decrease with the share of uncertainty-averse individuals in groups.
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FIGURE B.1: BCHARs and personality
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For instance, in the first group, which is completely uncertainty-averse, no BCHAR
can establish a meaningful connection between personality and behavior—every
individual in the totally uncertainty-averse group, who does not make a mistake,
exploits but not explores and never tries an untried option (besides the first pe-
riod). Since a large share of uncertainty-averse individuals (in an arbitrary group)
is a realistic scenario, there is a simple explanation for the results of Steyvers et al.
(2009).

B.2 Explanatory performance

Gans et al. (2007) use a Bernoulli bandit experiment to estimate the explanatory
performance of different decision rules. Among others, Gans et al. (2007) consider
the following three rules: the myopic rule, the simple rule, and exponential smooth-
ing. Explanatory performance is measured by the Bayesian information criterion
(BIC). According to Gans et al. (2007), exponential smoothing performs better than
the simple rule, while the simple rule performs better than the myopic rule. In
what follows, I will describe the three rules and show that applying the rules to data
generated by the behavioral rule results in the ranking of Gans et al. (2007).

The rules are interesting because they are derived from different assumptions.
Alternative rules are as follows.
MYOPIC RULE. The myopic rule, rM, is a special case of the Gittins index with a zero
probability to continue. In the context of the behavioral rule, myopia corresponds
to the behavior of uncertainty-neutral individuals. The myopic index is

r
M
i,t = µi,t (B.1)

SIMPLE RULE. According to the simple rule, rS, an option can have two qualities: It
is either good or bad but never both. The index of the simple rule is (see Gans et al.



CAREER CHOICE UNDER UNCERTAINTY 57

2007):
r
S
i,t = r

S
i,t−1 + (a0 + a)πt − a (B.2)

which corresponds to a random walk. Gans et al. (2007) set a0 = 1 and a > 0 is a
free parameter.
EXPONENTIAL SMOOTHING RULE. Exponential smoothing, rES, is a purely descriptive
rule. The smoothing index is a weighted average of the smoothing index from the
previous period and new information:

r
ES
i,t = (1 − ζ)rESi,t−1 + ζπt (B.3)

where ζ ∈ [0, 1] is a weight. The weight is a free parameter. In addition, starting
values, i.e., rESi,0, are also free parameters. In line with Gans et al. (2007), I assume
that the initial index of one option is 2/3.

The Monte Carlo experiment proceeds as follows. First, the algorithm generates
a decision history based on the behavioral rule and some combination of uncer-
tainty preferences, probabilities to succeed, and noise levels. Decision histories
are generated for 100 periods, while the choice setting is adopted from Gans et al.
(2007). There are two noise levels: ε = 0.03 is interpreted as low noise, whereas
ε = 0.08 is interpreted as high noise. Then, BIC values are estimated by maximum
likelihood with a probit model. Each model has a sensitivity parameter. The myopic
model has no additional free parameters. The model based on the simple rule has
one additional parameter. The exponential smoothing model has two additional
parameters. The two steps are sequentially repeated 1,000 times.

Figure B.2 presents selected results. Note that, here, a smaller BIC value indicates
higher explanatory performance. If we consider a setting with low noise and suffi-
ciently high uncertainty aversion (λ 6 −4), we can observe the ranking established
by Gans et al. (2007), i.e., exponential smoothing is better than the simple rule, while
the simple rule is better than the myopic rule. Given high noise, the appropriate
ranking is produced for high uncertainty aversion (λ = −20) only. Therefore, there
exist parameter combinations where the behavioral rule is rank-consistent with
empirical evidence. Pronounced uncertainty aversion and a low level of decision
noise characterize these combinations. Put differently, if most decisions can be
derived from the behavioral rule with uncertainty aversion and are not random,
theoretical behavior is similar to the behavior of actual gamblers.

Appendix C

This appendix provides data characteristics. The data set features three impor-
tant variables: uncertainty preferences, approximated by Hofstede’s uncertainty
avoidance index; average established business activity; and enterprise death rates.
Furthermore, I use additional covariates (viz., GDP growth, inflation, real interest
rate, start-up costs, unemployment rates, and average ease of doing business).

Countries in data sets used to assess the two predictions are shown in Table C.1.
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FIGURE B.2: Performance rankings with low and high decision noise
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Table C.2 presents a detailed analysis of Hofstede’s index. The table is the result of
the application of k -means clustering with three clusters, where I used the Hartigan
& Wong (1979) algorithm to minimize within-cluster sums of squares. According to
Table C.2, cluster means explain ca. 87% of the overall variation (100% is perfect fit).
The high-aversion group consists of approx. 48% of all countries with an available
index. The moderate- and high-aversion group accounts for ca. 84% of all countries,
while the low-aversion group accounts only for 16%. To summarize, most societies
have either a moderate or a high level of uncertainty aversion.

The Global Entrepreneurship Monitor defines the established business ownership
rate as the percentage of the population aged 18–64 who run or manage a business
that paid payments to the owner for more than 42 months. Figure C.1 shows the
distribution of average established business activity. The distribution is skewed such
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TABLE C.1: Countries in data

FIRST PREDICTION SECOND PREDICTION
Argentina, Australia, Austria, Bangladesh, Bel-
gium, Brazil, Canada, Chile, China, Colom-
bia, Costa Rica, Croatia, Czech Rep., Den-
mark, Ecuador, El Salvador, Estonia, Fin-
land, France, Germany, Great Britain, Greece,
Guatemala, Hong Kong, Hungary, India,
Indonesia, Iran, Ireland, Israel, Italy, Ja-
maica, Japan, Korea South, Latvia, Lithua-
nia, Luxembourg, Malaysia, Mexico, Morocco,
Netherlands, New Zealand, Norway, Pakistan,
Panama, Peru, Philippines, Poland, Portu-
gal, Romania, Russia, Serbia, Singapore, Slo-
vak Rep., Slovenia, Spain, Suriname, Sweden,
Switzerland, Taiwan, Thailand, Trinidad and
Tobago, Turkey, USA, Uruguay, Venezuela,
Vietnam

Australia, Belgium, Brazil, Canada, Czech
Rep., Estonia, Hungary, Israel, Italy, Korea
South, Latvia, Lithuania, Netherlands, New
Zealand, Romania, Slovak Rep., Slovenia, USA

67 countries 18 countries

that low values are more likely than high values. Consequently, most countries have
a rather low average rate of established business activity.

FIGURE C.1: Distribution of average established business activity rates (white line is median)
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OECD (2015) defines firm death as follows.

An employer enterprise death occurs either at the death of an enterprise with at
least one employee in the year of death or when an enterprise shrinks to below
the threshold of one employee for at least two years. . . . The employer enterprise
death rate corresponds to the number of deaths of employer enterprises as a
percentage of the population of active enterprises with at least one employee.
(OECD 2015, p. 52)
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TABLE C.2: Low-, moderate-, and high-aversion groups
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FIGURE C.2: Distribution of firm death rates (white line is median)
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Figure C.2 plots the distribution of firm death rates, which appears fairly normal
such that it is not surprising that OLS and the beta regression deliver similar answers.
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FIGURE C.3: Distributions of GDP growth, inflation, real interest rates, start-up costs, un-
employment rates, and average ease of doing business (white vertical lines
represent medians)
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In Figure C.3, I plot the distributions of GDP growth, inflation, real interest rates,
start-up costs, unemployment rates, and average ease of doing business.
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