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Abstract
I show that stochastic contracts generate powerful incentives in agents suffering from
probability distortion. Committing ex-ante to a probability that performance on the
delegated task is compensated, allows the principal to target probability distortions that
inflate the perceived benefits from exerting high effort. This novel source of motivation
is absent in contracts traditionally regarded as optimal. A theoretical framework
and an experiment demonstrate that stochastic contracts implemented with small
probabilities, exposing the agent to large degrees of risk, generate higher performance
levels as compared cost-equivalent contracts with lower or no risk exposure. I find that
probability distortions caused by likelihood insensitivity—cognitive limitations that
restrict the accurate evaluation of probabilities—account for this finding. This paper
highlights the limits of contracts traditionally regarded as optimal.
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1. Introduction
A fundamental result in contract theory is that the principal optimally motivates the
agent with a contract resulting from a tradeoff between efficiency and insurance (Holmstrom,
1979). On the one hand, high effort levels are elicited with a schedule of transfers in which
the agent’s compensation increases with performance. On the other hand, the risk exposure
implied by such a schedule should be moderate not to disincentivize the agent from accepting
that contract.
This paper shows that such tradeoff can disappear when the agent suffers from probability
distortion. Specifically, I demonstrate that contracts introducing additional risk in the
agent’s environment can enhance motivation without requiring the principal to offer higher
average payments. As a consequence, if probability distortion is a prevailing phenomenon of
decision-making in risky environments, contracts traditionally regarded as optimal need to
be modified to impart effective incentives.
Abundant empirical evidence from decision theory indeed shows that individuals, when
making decisions under risk, tend to distort probabilities. They overweight small probabilities
and underweight medium to large probabilities (Tversky and Kahneman, 1992, Tversky and
Fox, 1995, Wu and Gonzalez, 1996, Gonzalez and Wu, 1999, Abdellaoui, 2000, Bruhin et al.,
2010, Abdellaoui et al., 2011). With stochastic contracts, i.e. lottery-like incentive schemes,
the principal introduces additional risk in the agent’s environment to target the probability
distortions that enhance the agent’s motivation to exert effort. Since these incentives are
absent in contracts traditionally regarded as optimal, because they generally seek to insure
the agent, stochastic contracts can generate greater output at no extra cost for the principal.
I consider a simple version of stochastic contracts in which the agent obtains one of two
possible outcomes: a monetary compensation that depends on performance on the delegated
task and a performance-insensitive payment. When offered this contract, the agent faces
the risk that the level of effort exerted in the task does not count toward his compensation.
Importantly, the principal can adjust the desired amount of risk that is faced by the agent by
choosing the probability that the performance-contingent compensation is paid. Therefore,
under full commitment, the agent’s decision about how much effort to exert not only depends
on the compensation offered by the contract, but also on the perceived probability that effort
influences this compensation.
To understand how stochastic contracts can outperform traditional contracts, consider
a setting in which both are cost-equivalent for the principal. That is, the agent’s expected
compensation under the stochastic contract is the same as the compensation that would
have been given to him if the same level of effort were supplied under a traditional contract.
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As a result, an expected value maximizer would be equally motivated under both incentive
schemes. However, when the assumption that probabilities are perceived accurately is relaxed
and it is instead assumed that the probability that the performance-contingent outcome of the
stochastic contract realizes is overweighted, the stochastic contract would be more motivating.
Such distortion of probabilities inflates the agent’s perceived benefits of supplying higher
levels of effort.
A simple theoretical framework serves two purposes. First, it pins down the conditions
guaranteeing the main result of the paper, which is that stochastic contracts generate more
motivation than contracts tradionally regarded as optimal. To focus on the incentives resulting
from introducing different degrees of risk in the agent’s environment, the model keeps the
monetary incentives constant across the options available to the principal. I find that when
the agent’s probability weighting function attains a lower bound, representing the extent of
probability overweighting needed to make him risk seeking, the principal is better off offering
the stochastic contract. It generates stronger incentives as traditional contracts at similar
costs. Second, the theory provides a set of predictions that are empirically tested with a
laboratory experiment.
A laboratory experiment shows that stochastic contracts implemented with a small
probability, i.e. p = 0.10, yield higher performance in an effort-intensive task as compared to
a cost-equivalent piece-rate contract. In contrast, I find that stochastic contracts implemented
with larger probabilities, namely p = 0.30 or p = 0.50, yield no differences in performance as
compared to the cost-equivalent piece rate. The experiment also features an elicitation of the
utility and probability weighting functions of subjects. These data show that subjects display
linear utilities and an average weighting function with an inverse-S shape. I demonstrate that
this pattern of probability distortion fully explains the treatment effects found in the effort task.
Further analyses of the data show that probability distortions due to likelihood insensitivity,
which refers to the cognitive inability of individuals to accurately evaluate probabilities
(Tversky and Wakker, 1995, Wakker, 2010), explain the difference in performance between
the stochastic contract implemented with p = 0.10 and the piece-rate contract.
While stochastic contracts are typically treated in the literature as a theoretical idea
and their literal application might be prohibited in countries where gambling is forbidden,
their incentives can be brought to practice using standard tools of personnel economics. For
instance, bonus contracts offering monetary rewards after a production target is achieved
expose the worker to different degrees of risk. When the production target is set high, the
probability of obtaining the bonus is small and the agent is exposed to more risk than if the
target were low. This paper shows that when the worker overweights the probability that
the bonus is awarded, the principal elicits more motivation than if she were to use a linear
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contract or a bonus contract with a less challenging target. I provide a detailed explanation
of this application and provide some more in the last section of the paper.
This paper contributes to at least three strands of literature. Its results add to the literature
of behavioral contract theory (See Koszegi (2014) for a review). The main contribution
to that literature is the result that, when agents distort probabilities, stochastic contracts
introducing large amounts of risk motivate the agent to a greater extent than contracts
traditionally regarded as optimal. This is at odds with the standard result from incentive
theory stating that, at the optimum, the principal faces a trade-off between incentives and
insurance. Moreover, while the optimality of stochastic contracts has been put forward in
theoretical settings, such as multitasking environments (Ederer et al., 2018), when agents
exhibit aspiration levels (Haller, 1985), or when agents are loss averse (Herweg et al., 2010), I
am the first to demonstrate both theoretically and empirically that they are desirable when
agents exhibit probability weighting.
To the best of my knowledge only Spalt (2013) has studied optimal contract design under
probability weighting. The most relevant distinction with respect to that paper is that I
include the agent’s incentive compatibility constraint in the principal’s program. That is, I
study the incentives that result from offering risky contracts. Spalt’s (2013) analysis does not
consider these incentives and, due to the setting studied in his paper, ignores that constraint.
Another relevant difference with that paper is that I study the incentives of a general class
of contracts introducing risk in the agent’s compensation. These incentives can be brought
to practice in multiple ways, not necessarily by means of compensation plans with stock
options.1
Second, the results of this study also contribute to the literature of decision theory. To
the best of my knowledge, I am the first to provide applications of probability weighting
elicitation techniques to the context of incentives. Furthermore, the experimental results
further illustrate the importance of using parametrized probability weighting functions that
separate the components of likelihood insensitivity and optimism/pessimism. I use the
different methods proposed by Wakker (2010) and Abdellaoui et al. (2011) to isolate these
two components of probability weighting and show that they contribute unequally to the
effectiveness of stochastic contracts.
Finally, I contribute to the literature of experimental economics and its methodology.
The main merit of the experiment is to relate the participants’ performance under different
1

Other important differences with Spalt (2013) are: i) I use analytical solutions rather than calibrations
to show that stochastic contracts are more effective in motivating agents than more traditional contracting
devices, and ii) I use an experiment to directly link the subjects’ performance under stochastic contracts to
their risk preferences, allowing me to cleanly establish whether the subjects probability weighting functions
drive the result that stochastic contracts can generate greater performance.
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contracts to their risk preference. This relationship is essential to corroborate the predictions
derived from the theory, and makes controlled laboratory experiments the natural candidate
to perform such empirical validation (Charness and Kuhn, 2011). Furthermore, stochastic
contracts are implemented using the random incentive lottery. The treatment effects and
their robust relationship to the agent’s risk preferences support the hypothesis of isolation in
a real-effort setting. To the best of my knowledge this is the first study to formally show
that participants facing the random lottery incentive mechanism exert effort on the task as if
each round was an isolated decision. In addition, my findings show that the random incentive
lottery can leverage higher performance than paying for all tasks/rounds. I demonstrate that
this effect goes beyond a potential difference in income effects across the treatments and is in
fact due to probability distortions.

2. The model
Consider a principal who delegates a task to an agent. The agent’s decision consists
of exerting an effort level e ∈ [0, ē] on the task. This decision depends on the disutility
associated to exerting effort, as well as on the monetary incentives included in a take-it or
leave-it contract offered by the principal offered before the agent makes a choice.
The agent experiences marginally increasing disutility from exerting effort. Specifically,
the disutility from effort is represented by the cost function c(e), a continuously differentiable,
strictly increasing, and convex function.
Assumption 1 (cost of effort). c(e) : [0, ē] → [0, +∞) is C 2 with c0 (e) > 0 and c00 (e) > 0.
Output on the task, y, is a random variable that may take any possible value in the
interval [y, ȳ]. Both principal and agent know that output is distributed according to the
¯
cumulative density function F (y|e) about which I make the following assumptions
Assumption 2 (output distribution). F (y|e) : [y, ȳ] → [0, 1] admits a density function
¯
f (y|e), is C 2 with respect to e, and exhibits Fee (y|e) > 0.
It is well known that convexity of the ditribution function, Fee (y|e) > 0, ensures the
optimality of contracts derived from the first-order approach (Mirrlees, 1999, Jewitt, 1988).
I assume that effort and output relate according to the monotone likelihood ratio property
Assumption 3 (monotone likelihood ratio property).

d
dy



fe (y|e)
f (y|e)



≥0

Assumption 3 implies that high output levels are more likely to be drawn from a distribution
conditional on higher effort levels.
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The principal is assumed to be an expected value maximizer. Her objective function is
given by
Z
ȳ

Π(t, e) =





S(y) − t(y) f (y|e)dy.

(1)

y
¯

The function S(y) captures the benefit derived from output production and t(y) is the
transfer given to the agent in exchange of performing the task. It is assumed that S 0 (y) > 0
which together with Assumption 3 implies that t(y) must be chosen to convince the agent to
exert high effort levels.
The transfer t(y) enters the agent’s utility through the function u about which I make
the following assumption:




Assumption 4 (consumption utility). u t(y) : [0, +∞) → [0, +∞) is C 2 with u(0) = 0 and








u0 t(y) > 0 and u00 t(y) < 0.
All in all, the agent’s expected utility (EU, henceforth) when offered a contract t(y) is:




EU t(y), e =

Z ȳ 



u t(y) f (y|e)dy.

(2)

y
¯

Throughout, I relax the standard assumption that the agent’s preferences conform to EU
(Eq. (2)). Instead, I assume that preferences are characterized by rank-dependent utility
(RDU, henceforth) (Quiggin, 1982). Thus, the agent can distort probabilities. This inaccurate
perception of probabilities is modeled through a probability weighting function w(p) about
which I make the following assumptions.

•
•
•
•
•

Assumption 5 (probability weighting functions). Let p ∈ [0, 1]. The function
w(p) : [0, 1] → [0, 1] is C 2 with:
w0 (p) > 0 for all p ∈ [0, 1];
w(0) = 0 and w(1) = 1;
There exists p̃ ∈ [0, 1] such that w00 (p) < 0 if p ∈ [0, p̃) and w00 (p) > 0 if p ∈ (p̃, 1];
limp→0+ w0 (p) > 1 if p̃ > 0;
limp→1− w0 (p) > 1 if p̃ < 1.

According to Assumption 5, w(p) is an increasing and two-times continuously differentiable
function that maps the unit interval onto. The probability weighting function contains at
least two fixed-points: one at p = 0 and another one at p = 1. Furthermore, w(p) can exhibit
three possible shapes: a concave shape if p̃ = 1, a convex shape if p̃ = 0, and an inverse-S
shape if p̃ ∈ (0, 1). The latter shape generates an additional interior fixed-point, p̂ ∈ (0, 1).2
All in all, the rank-dependent expected utility of the agent when offered a contract t is:
2

As noted by Wakker (2010), a weighting function with cavexity, that is first concave and then convex, does
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RDU t(y), e =

Z ȳ 
y
¯







u t(y) wy 1 − F (y|e) f (y|e)dy

(3)

Under RDU, the agent’s risk attitudes are jointly determined by two factors: the curvature
of u(t) and the curvature of w(p). The former factor is common to EU and RDU while the
latter is exclusive to RDU. The influence of w(p) on risk attitude is informally known in the
literature as probabilistic risk attitude, I will use that terminology throughout and focus on
the effects of this non-traditional source of risk attitude on optimal contracting. Moreover,
note that in the absence of probabilistic risk attitude, that is when w(p) = p, RDU collapses
to EU.
Another theory of risk that incorporates probability distortions through probability
weighting functions is Cumulative Prospect Theory (CPT, henceforth) (Tversky and Kahneman,
1992). CPT is a more descriptive version of RDU. An agent with CPT preferences exhibits,
just like the RDU agent, probabilistic risk attitudes but also displays reference dependence.
In the interest of space, I relegate the formal description of CPT preference and the analysis of
the incentives produced by stochastic contracts on agents with CPT preferences to Appendix
C.
2.1. Probabilistic risk attitudes and their decomposition
This subsection can be omitted if the reader is acquainted with the concepts of likelihood
insensitivity (Tversky and Wakker, 1995, Wakker, 2010), and pessimism and optimism toward
risk (Yaari, 1987, Abdellaoui, 2002). To exhaustively analyze how probabilistic risk attitude
affects optimal contracting, I make a distinction between two components of probability
weighting. The following decomposition is due to Wakker (2010).
The first component captures motivational deviations from EU stemming from pessimist
or optimist attitudes toward risk. These factors affect probability evaluations because of the
agent’s irrational belief that unfavorable outcomes, in the case of pessimism, or favorable
outcomes, in the case of optimism, realize more often. Pessimism is represented with a convex
weighting function and optimism is represented with a concave weighting function. Figure 1
presents graphical examples of optimism and pessimism.
Definition 1. Optimism (pessimism) is characterized by a probability weighting function
w(p) with the properties of Assumption 5 and p̃ = 1 (p̃ = 0).
It is useful to determine when an agent suffers from stronger degrees of optimism or
not necessarily ensure the existence of an interior point fixed-point. However, the assumptions limp→0+ w0 (p) >
1 if p̃ > 0 and limp→1− w0 (p) > 1 if p̃ < 1 along with cavexity and p̃ ∈ (0, 1) guarantee the existence of the
interior fixed point p̂ ∈ (0, 1).
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w(p)

w(p)

0

p

0

(a) Example of optimism

p
(b) Example of pessimism

Figure 1: Motivational sources of probability distortion
pessimism. The following definition, due to Yaari (1987), formalizes these comparisons.
Definition 2. An agent i with weighting function wi (p) is more optimistic (pessimistic) than
an agent j with weighting function wj (p) if wi (p) = θ(wj (p)), where θ : [0, 1] → [0, 1], is C 2
with θ0 > 0 and θ00 < 0 (θ00 > 0).
The second component influencing probability weighting is likelihood insensitivity (Tversky
and Wakker, 1995, Wakker, 2010). This component captures the notion that individuals
distort probabilities because they are not sufficiently sensitive towards changes in intermediate
probabilities and are overly sensitive to changes in extreme probabilities. This deviation
from EUT is due to cognitive and perceptual limitations. An extreme characterization of
likelihood sensitivity is a step-shaped probability weighting function assigning w(p) ≈ 0.5 to
all interior probabilities p ∈ (0, 1), i.e. a weighting funtion with the properties of Assumption
5 plus p̂ = 0.5, limp→0+ w(p) = 0.5, and limp→1− w(p) = 0.5. The opposing characterization to
likelihood insensitivity is that of an EU agent who is fully sensitive to probabilities, w(p) = p.
Figure 2 presents illustrates examples of different degrees of likelihood insensitivity.3
Definition 3. Likelihood insensitivity is characterized by a probability weighting function
w(p) with the properties of Assumption 5 and p̃ = 0.5.
It will become useful to understand the conditions under which an agent suffers from
stronger likelihood insensitivity. The following definition based on Tversky and Wakker
(1995)’s subadditivity provides us with that comparative.
Definition 4. An agent i with weighting function wi (p) is more likelihood insensitive than
an agent j with weighting function wj (p) if w(p)i = φ(w(p)j ), where φ : [0, 1] → [0, 1] is C 2
and subadditive in the sense of Tversky and Wakker (1995).
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(a) Example of extreme likelihood insensitivity (b) Example of moderate likelihood insensitivity

Figure 2: Cognitive sources of probability distortion
The co-existence of likelihood insensitivity and optimism or pessimism, generates probabilistic
risk attitudes that can be represented with an inverse-S probability weighting function. The
location of the interior fixed-point, p̂ depends on whether the agent displays pessimism or
optimism. For instance, a pessimist agent who is also likelihood insensitive, exhibits a w(p)
with an interior fixed-point located in the interval p̂ ∈ (0, 0.5). In contrast, an optimist agent
who is also likelihood insensitive has a w(p) with an interior fixed-point in p̂ ∈ (0.5, 1).
2.2. The optimality of stochastic contracts
The principal’s problem when facing an RDU agent with probabilistic risk attitudes
consists on implementing a contract with a transfer that ensures participation, i.e. that the
agent accepts the contract, and incentivizes him to exert high effort levels. Formally, her
program is
max
{t(y)}
s.t.

Z ȳ 



S(y) − t(y) f (y|e)dy

y
¯

Z ȳ 
y
¯







u t(y) wy 1 − F (y|e) f (y|e)dy) − c(e) ≥ Ū,

max
{e}

Z ȳ 
y
¯





(4)



u t(y) wy 1 − F (y|e) f (y|e)dy − c(e).

The following lemma shows that contracts resulting from the first-order approach are
optimal under certain shapes of the probability weighting function. The proofs of the main
theoretical results of the paper are relegated to Appendix A.
Lemma 1. Let Assumptions 1-5 hold. The candidate solution from the first-order approach
tf o is optimal if w00 (p) ≥ 0 for p ∈ (0, 1).
3

These two phenomena have been addressed in the psychological literature as curvature and elevation
(Gonzalez and Wu, 1999). I adhere to the jargon used in economics.
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Offering the candidate solution contract from the first-order approach, tf o , s optimal when
the agent has a weighting function that is convex. A concave weighting function instead can
lead to situations in which this contract is not optimal. This result emerges even though the
convexity of the density function F (y|e) (Assumption 2) is guaranteed; a condition known to
ensure the optimality of tf o . Intuitively, when the agent exhibits probabilistic risk seeking
attitudes, emerging from a concave weighting function, a contract that would be otherwise
optimal can become ineffective.
Since probability risk seeking is behind the potential suboptimality of this traditional
contract, a natural candidate solution is a contract that introduces risk in the agent’s
environment. I consider lottery-like contracts of the form L := (r, T ; 1 − r, 0) with r ∈ (0, 1).
Where T > 0 represents a monetary quantity and r ∈ (0, 1) a probability chosen by the
principal. Throughout, I use r to refer to the probability chosen by the principal to be
included in the stochastic contract while p refers to a generic probability.
The timing of the stochastic contract is as follows. The principal moves first choosing r
and T . After this choice is made, r and T are communicated to the agent before he makes a
decision. Next, the agent chooses e. Finally, when the contracted work-span concludes, a
random device to which the principal credibly commits determines whether or not the agent’s
compensation depends on y. Therefore, the principal has now two channels to motivate the
agent: i) via monetary rewards and ii) via changes in the likelihood that these rewards are
paid.
I make the symplifying assumption that stochastic contracts offer, on expectation, the
same monetary rewards as a traditional contract, t(y). This assumption enables me to focus
on the incentives generated by choosing different probabilities r over and beyond differences
in monetary incentives between t and T .
Assumption 6 (cost equivalence). The incentives of stochastic and traditional contracts
relate according to T (y) ≡ t(y)
.
r
Hence, instead of offering the potentially suboptimal contract tf o , the principal can offer
 fo

Lf := r, t r ; 1 − r, 0 . Notice that such “convexification” can be applied to any standard
contract t(y).
The following proposition presents the conditions ensuring the optimality of stochastic


contracts of the form L = r, t(y)
;
1
−
r,
0
.
r
Proposition 1. Let assumptions 1-6 hold. A contract L improves upon any contract t(y) if
and only if w(r) > u(r).
Proposition 1 shows that the optimality of stochastic contracts depends on the agent’s risk
attitudes, i.e. the shape of functions w(p) and u(t). Stochastic contracts elicit higher effort
9

than any cost-equivalent traditional contract if the agent’s probability weighting function
sufficiently overweights the probability chosen by the principal. The condition w(r) > u(r)
specifies the lower bound or minimum extent of probability overweighting to be attained for
this result to hold. The right-hand side of that inequality captures the agent’s risk attitudes
emerging from utility curvature brought to the probability space. If r chosen by the principal
ensures that the agent’s probabilistic risk attitude is stronger than the potential risk averse
attitude stemming from the agent’s utility curvature, the agent will be risk seeking, have a
taste for risky contracts, and will be more motivated with a stochastic contract implemented
with probability r.
The intuition of this implication is further elucidated by the following examples.
Example: Linear utility. Let u(T ) = T . In that case the condition in Proposition 1
becomes w(r) ≥ r. Hence, contract L needs to be implemented with any probability r < p̂,
a feasible implementation as long as p̂ > 0. In words, the agent with linear utility needs
to overweight probabilities in some non-empty interval to be more motivated under the
stochastic contract.
To make this example more concise, consider Prelec (1998)’s weighting function w(p) =
exp (−β(−ln(p))α ). Suppose first that α = 1. The weighting function becomes w(p) = pβ ,
a power function. In that case, if β < 1 then p̂ = 1 and the first condition in Proposition
1 w(r) ≥ r holds for any r ∈ (0, 1). In words, when the weighting function is everywhere
concave, which according to Definition 1 is equivalent to the agent exhibiting optimism,
any interior probability ensures that the stochastic contract generates higher output. Now
suppose instead that β = 1, then the weighting function becomes w(p) = exp (−(−ln(p))α ).
In that case, if α < 1 then p̂ = 1e ). An inverse-S function, which according to Definition
3 is equivalent to the agent having likelihood insensitivity. This shape enables stochastic
contracts to generate higher output if the contract is implemented with a probability r < 1e ,
the region of probability overweighting.
Example 2: CRRA utility. Let u(T ) = T γ where γ ∈ R. The condition in Proposition
1 becomes w(r) ≥ rk . To be more motivated under the stochastic contract, the agent’s
probabilistic risk seeking attitudes must exceed the agent’s risk attitudes from utility curvature
brought to the probability space, rγ .
As in Example 1 consider Prelec (1998)’s weighting function. Suppose that α = 1. The
condition for Proposition 1 becomes rβ ≥ rγ ⇔ β < γ. Hence, if β < γ then w(r) ≥ r
holds for any r ∈ (0, 1). In words, the agent needs to be sufficiently optimistic for stochastic
contracts to be more motivating. Now consider β = 1. The stochastic contract generates
10

higher performance if exp (−(−ln(r))α ) > rγ . A sufficient condition for that inequality to
hold is that the agent is likelihood insensitive to an extent such that the concavity implied
by α in the interval r ∈ (0, 1e ) is larger than that implied by rγ . In that case the contract
must be implemented with r < 1e .
A less general but not less important implication of Proposition 1 is that it captures the
conventional wisdom that introducing risk in the agent’s environment is counterproductive.
This result emerges when it is assumed that the agent’s risk preference is characterized by EU.
In that case, the principal would be better off incentivizing the agent with a standard contract.
A finding that highlights the importance of RDU preference for the implementability of
stochastic contracts.
Corollary 1. Let assumptions 1-4, 6, and w(p) = p hold. Contract L cannot be optimal.
A final implication of Proposition 1 regards the contribution of motivational and cognitive
components of probability weighting. The following proposition shows that optimism on its
own, guarantees the optimality of stochastic contracts.
Proposition 2. There exists a level of optimism that guarantees Proposition 1.
To understand Proposition 2 recall that optimism, on its own, is equivalent to the
probability weighting function having a concave shape with all interior probabilities being
overweighted. Stronger optimism, in the sense of Definition 2, implies that interior probabilities
are overweighted to a greater extent, making it more likely that the agent becomes risk seeking.
The proposition states that potential risk averse attitudes emerging from the curvature of the
utility function can be offset by a sufficiently strong level of optimism. If the agent attains
that degree of optimism, he will be risk seeking and more motivated under the stochastic
contract.
The following result shows that likelihood insensitivity on its own guarantees the optimality
of stochastic contracts.
Proposition 3. There exists a level of likelihood insensitivity that guarantees Proposition 1
if r < r̃.
Likelihood insensitivity implies that probabilities smaller than the interior fixed point p̂
are overweighted. As the agent becomes more likelihood insensitive, that is as his weighting
function becomes more subadditive, these probabilities are overweighted to a greater extent.
Making more likely that he is risk seeking at those probabilities. Proposition 3 states that
the potential risk averse attitudes emerging from the curvature of the utility function can
11

be offset by a sufficiently strong degree of likelihood insensitivity. If the agent attains that
degree of likelihood insensitivity, he will be risk seeking and thus more motivated under the
stochastic contract if implemented at r < p̃.
A set of extensions further corroborate and generalize Proposition 1. Appendix B shows
that a result similar to Proposition 1 emerges in a setting in which effort, e, is binary. This
framework is more restrictive and less realistic but more widely used in the literature. That
is because the first-order approach yields optimal solutions without the strong restriction of
convexity of the density function included in Assumption 2. Appendix C shows that for an
agent with CPT preferences the result presented in Proposition 1 is achieved under similar
conditions for the domain of gains, while less stringent conditions are required when the
contract locates the agent in the domain of losses.

3. Experimental Method
3.1. The general setup
The experiment was conducted at Tilburg University’s CentERLab. The participants
were all students at that university and were recruited using an electronic system. The data
consist of 15 sessions with a total of 172 subjects. On average, a session lasted approximately
80 minutes. Between eight and eighteen subjects took part in a session. The currency used
in the experiment was Euros. I used Z-Tree (Fischbacher, 2007) to implement and run the
experiment. Subjects earned on average 15.83 Euros. The instructions of the experiment are
presented in Appendix G.
The experiment consisted of two parts. Upon arrival, participants were informed that their
earnings from either part one, or those from part two would become their final earnings and
were told that this would be decided by chance at the end of the experiment.4 In the first part
of the experiment subjects performed a task that demanded their effort. The task consisted of
summing five two-digit numbers multiple times. Each summation featured randomly drawn
numbers by the computer, ensuring similar levels of difficulty between subjects. When a
participant knew the answer to the numbers that appeared on the computer screen, he could
submit it using the computer interface. Immediately after submission, a new summation
appeared on the screen and the participant was invited to solve it. In total, subjects had 10
4
This randomization of payments could be a source of concern if subjects distort probabilities. However,
as it will be shown in §6, subjects on average exhibit w(p) ≈ 0.5, so the probability underlying this
randomization of payments was approximately perceived accurately. Moreover, as it will explained later on,
isolation guarantees that this randomization of payments across tasks generates proper measurement of risk
attitude and effort elicitation.
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rounds of four minutes each to complete as many summations as they could.
In the second part of the experiment, the subjects’ task was to choose between two binary
lotteries multiple times. This part of the experiment was designed to elicit their utility and
probability weighting functions. I use the two-step method developed by Abdellaoui (2000).
This method has the advantage of not making assumptions about the way in which subjects
evaluate probabilities nor the way in which they evaluate monetary outcomes.5 Subjects were
informed that only one of the prefered lotteries will be chosen at random at the end of the
experiment, that such lottery will be played, and that the resulting realization will count
toward their earnings for the second part of the experiment.
After the second part of the experiment was over, subjects were given feedback about
their performance and were informed about their earnings in the first part of the experiment.
They were also informed about the lottery that was chosen for compensation for the second
part of the experiment and its realization. In addition, subjects learned whether part one or
part two counted toward their final earnings. Providing feedback at the end of the experiment
minimizes carry-over effects (Cox and Epstein, 1989).
3.2. Treatments in first part
There were four treatments differing in the type of incentives given to subjects to perform
the real-effort task. Subjects were randomly assigned to one of these treatments. As a
benchmark of traditional contracts, I use a linear contract of the form td (y) := ay, where
a > 0 represents a monetary quantity.6 While linear contracts areoptimal under rather specific
conditions, e.g. Holmstrom and Milgrom (1987), this type of incentive scheme is broadly
used by organizations in practice and is prevalent in the study of incentives (Chiappori and
Salanié, 2002, Bolton and Dewatripont, 2005). The treatment using linear contracts is called
Piecerate. Subjects assigned to that treatment were given 0.25 Euros for every correctly
solved summation, thus a = 0.25.
The other three treatments also offered monetary rewards that depended on individual
performance on the task. However, subjects also faced the risk that performance in a round
did not count toward their earnings. The magnitude of that risk was varied across treatments
to emulate stochastic contracts implemented with different probabilities. Treatments LowPr,
MePr and HiPr featured a low, medium, and high probability, respectively, that performance
5

A drawback of this method is that it can be violate incentive compatibility when subjects are aware of
the chained nature of the questions they face. I overcome this disadvantage by adding questions that are not
used in the analysis of the data at random, and by randomizing the appearance of the lotteries of decision
sets 7 to 11 which will be described in more detail in §3.3.
6
A more general representation of these contracts is ts = F + ay where F ≥ 0 is a fixed pay that does not
depend on the agent’s performance. Since F does not generate any incentives for the agent to exert effort,
the normalization F = 0 is considered throughout.
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in a given round counted toward earnings. In LowPr subjects faced a 10% chance that
performance in a given round counted toward earnings. This was implemented by randomly
choosing one round (out of ten) at the end of the experiment and paying for the subject’s
performance in that round only. Subjects were informed about this payment rule before they
started working on the task. In MePr and HiPr, three and five rounds, respectively, were
randomly chosen at the end of the experiment and only performance in those rounds was
paid.
The chosen representation of stochastic contracts assumes isolation. That is, it assumes
that the subjects’ decision to exert effort in a round does not take into account decisions
made or to be made in other rounds. This property is strongly supported by the literature of
experimental economics in designs, like this one, using the random incentive system—paying a
task and/or an exercise of the experiment at random. See for instance Cubitt et al. (1998), Hey
and Lee (2005), Lee (2008), and Baltussen et al. (2012).7 Importantly, isolation guarantees
proper measurement of risk preference under the random incentive system (Baltussen et al.,
2012, Hey and Lee, 2005). This includes utility and probability weighting measurements
(Bruhin et al., 2010, Abdellaoui et al., 2011, l’Haridon and Vieider, 2019, Bernheim and
Sprenger, 2020). Therefore, the chosen representation of stochastic contracts generates the
desired incentives emerging from probability distortion, produces the same incentives than
would be observed in an experiment that consisted of a single round, and enables me to
obtain repeated measurement of effort. In contrast, a randomization of payments across
subjects has been shown to yield biased estimates of risk preference (Baltussen et al., 2012).
Hence, my choice of randomizing over rounds and not over subjects.
As in the theoretical framework, the monetary incentives offered in Piecerate, LowPr,
MePr and HiPr were calibrated such that subjects faced, on expectation, the same monetary
incentives across treatments (See Assumption 6). A subject assigned to LowPr received 2.50
Euros for a correctly solved summation in the round that was chosen for compensation, that
is tenfold of what a subject assigned to Piecerate received for a correctly solved summation.
This monetary difference exactly accounts for the probability difference that performance
in a round is paid between these treatments. Similarly, subjects assigned to the MePr and
HiPr treatments received 0.85 and 0.50 Euros, respectively, for a correctly solved summation
in the rounds that were chosen for compensation. Importantly, note that this calibration
implies that similar average performance across the treatments would be observed if isolation
7

A widespread misunderstanding regarding the random incentive system is that the independence axiom
is a necessary condition to guarantee appropriate experimental measurement, i.e. subjects making effort
choices as if each decision was paid and in the absence of income effects. While the independence axiom,
along with some dynamic principles, suffices for proper experimental measurement, isolation, on its own, also
guarantees it (Baltussen et al., 2012).
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is on average violated.
Finally, the probabilities governing the treatments LowPr, MePr and HiPr were chosen
according to the common finding in the literature of decision making. Subjects distort
probabilities according to an inverse-S shape probability weighting function with an interior
fixed point at approximately p = 0.33 (See Fehr-duda and Epper (2012) and Wakker (2010)
pp. 204 for references finding this pattern). If subjects in the experiment follow this regularity,
they should on average overweight the probability that a round is chosen with 10% chance,
underweight the probability that a round is chosen with 50% chance, and approximately
evaluate accurately the probability that a round is chosen with 30% chance. The treatments
were thus designed to generate differences in performance if the incentives from overweighting
or underweighting probabilities are strong.
3.3. Elicitation of risk preference
The second part of the experiment consisted of 11 decision sets. Decision sets 1 to 6
constitute the first step of Abdellaoui (2000)’s methodology, which is based on Wakker
and Deneffe (1996). These decision sets elicit a sequence of outcomes {x1 , x2 , x3 , x4 , x5 , x6 }
that made the subject indifferent between lottery L = (xj−1 , 2/3; 0.5, 1/3) and lottery
R = (xj , 2/3; 0, 1/3) for j = {1, ..., 6}. Indifference was found through bisection.8 The left
panel of Table 1 presents an example of the bisection procedure used for Decision sets 1
to 6. These two lotteries were designed so that the elicited sequence of outcomes yielded
equally-spaced utility levels for each subject. Formally, u(xj ) − u(xj−1 ) = u(xj−1 ) − u(xj−2 )
for all for j = {1, ..., 6}.
The starting point of the elicitation program, x0 , was set at 25 th of what a subject earned
in the first part of the experiment. This is done to more accurately relate the subjects’ risk
preference to their behavior in the first part of the experiment. Specifically, to better account
for utility curvature which might change with the magnitude of the monetary incentives faced
by subjects in the real-effort task. Subjects were not informed about this calibration.
Decision sets 7 to 11 constitute the second step of Abdellaoui (2000)’s methodology. These
decision sets were designed to elicit a sequence of probabilities,
{w−1 (p1 ), w−1 (p2 ), w−1 (p3 ), w−1 (p4 ), w−1 (p5 )},
8

The bisection procedure works as follows: a subject was required to express his preference between two
initial versions of lotteries L and R. After having made a choice, the outcome xj of lottery R changed as a
function of the subject’s choice, such that either the outcome of the chosen lottery was replaced by a less
attractive alternative, or the outcome of the not chosen one was replaced by a more attractive alternative,
while the other lottery remained the same. When facing the new situation, the subject was invited to make a
choice again between the modified lotteries L and R. This process was repeated four times for each decision
set.
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where pj−1 = j−1
and j = {2, ..., 6}. These probabilities made subjects indifferent between
6
the lottery L = (x6 , w−1 (pj−1 ); x0 , 1 − w−1 (pj−1 )) and the degenerate lottery xj−1 . These
two lotteries were designed so that the elicited probabilities yield equally-spaced probability
weights, i.e. w(pj ) − w(pj−1 ) = w(pj−1 ) − w(pj−2 ) for pj−1 = j−1
and j = {2, ..., 6}. Again,
6
indifference between these lotteries was found through bisection. The right panel of Table 1
presents an example of the bisection procedure for these decision sets.
Table 1: Example of the Abdellaoui’s (2000) algorithm
Iteration
#
1
2
3
4
5

Left Panel
Lotteries
Available
L=(1, 0.66; 0.50, 0.33)
R=(3.70, 0.66; 0, 0.33)
L=(1, 0.66; 0.50, 0.33)
R=(5.05, 0.66; 0, 0.33)
L=(1, 0.66; 0.50, 0.33)
R=(4.38, 0.66; 0, 0.33)
L=(1, 0.66; 0.50, 0.33)
R=(4.04, 0.66; 0, 0.33)
L=(1, 0.66; 0.50, 0.33)
R=(4.21, 0.66; 0, 0.33)

Utility
Interval

Choice
Available

[1, 6.40 ]

L

[3.70,6.40]

R

[3.70,5.05]

R

[3.70,4.38]

L

[4.04,4.38]

L

x1 ∈[4.21, 4.38]

Right Panel
Lotteries
L=(x1 , 1)
R=(x6 , 0.50; 1, 0.50)
L=(x1 , 1)
R=(x6 , 0.75; 1, 0.25)
L=(x1 , 1)
R=(x6 , 0.87; 1, 0.13)
L=(x1 , 1)
R=(x6 , 0.81; 1, 0.19)
L=(x1 , 1)
R=(x6 , 0.85; 1, 0.15)

Probability
Interval

Choice

[0, 1]

L

[0.50, 1]

L

[0.75, 1]

R

[0.75, 0.87]

L

[0.81, 0.87]

L

p1 ∈[0.85, 0.87]

Note: This table illustrates the bisection method used to elicit utility and probability functions. The lotteries
in this table are expressed in the form (m, p; n, 1 − p) where m and n are prizes, and p is a probability. The
left panel presents the bisection method to elicit utility and the right panel presents the bisection method to
elicit probabilities.

4. Hypotheses
The model generates a set of hypotheses that will be tested with the experiment. To make
more concise predictions, two assumptions about subjects’ preference are made. First, subjects
exhibit linear utility. This assumption is consistent with the moderate stakes used in the
experiment together with abundant empirical evidence of linear utility functions for moderate
payments (Wakker and Deneffe, 1996, Abdellaoui, 2000, Epper et al., 2011, Abdellaoui et al.,
2011). 9 Second, subjects are RDU decision makers with a probability weighting function
that conforms to the common finding of an inverse S-shape with a fixed-point located at
p̂ ≈ 0.33 (Wakker, 2010, Fehr-duda and Epper, 2012).
9

Authors also implement this assumption for empirical purposes when stakes are moderate (Diecidue
et al., 2007, Homonoff, 2018, l’Haridon and Vieider, 2019).
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Under these additional assumptions, the subjects’ risk attitude is fully determined by
the shape of the probability weighting function. Specifically, subjects are risk seeking in
probabilities p ∈ (0, 0.33) and risk averse in probabilities p ∈ (0, 33, 1]. Example 1 in Section
§2.2 becomes useful in understanding the following hypotheses.
The first hypothesis is based on Proposition 1. It states that stochastic contracts
implemented with probability r = 0.10 motivate subjects to a greater extent than piece-rate
contracts. That is because subjects are risk seeking at that probability. Instead, stochastic
contracts implemented with probabilities r = 0.30 and r = 0.50 yield similar and lower
motivation, respectively, as compared to Piecerate. Subjects are risk neutral and risk averse
at those probabilities.
Hypothesis 1. Subjects exhibit average performance levels across the treatments that conform
to the ranking:
LowPr > MePr = Piecerate > HiPr.
Empirical support in favor of Hypothesis 1 would contradict Corollary 1 and a model
in which RDU agents have linear utility and convex weighting functions. Both of which
yield similar qualitative predictions. Namely that Piecerate generates the highest average
performance, followed by HiPr, which is in turn followed by MePr, and LowPr generates the
lowest performance.
If the model is accurate, the performance differences predicted by Hypothesis 1 should
be explained by the subjects’ tendency to distort probabilities. The following hypothesis
captures this conjecture.
Hypothesis 2. (i) Subjects assigned to LowPr who overweight small probabilities exhibit
higher average performance as compared to subjects assigned to Piecerate.
(ii) Subjects assigned to HiPr who underweight intermediate probabilities exhibit lower

average performance as compared to subjects assigned to Piecerate.
A validation of Hypothesis 2 would disregard factors other than probability distortion as
explanations for potential performance differences across the treatments.
Finally, I would like to examine whether motivational or cognitive factors of probability
weighting generate the predicted differences in performance. I focus on the more interesting
prediction that stochastic contracts implemented with r = 0.10 improve upon piece rates. The
following hypotheses, based on Proposition 2 and Proposition 3, present specific conjectures
about the contribution of these factors to that prediction.
Since utility is expected to be linear, Proposition 2 can be interpreted as optimism toward
risk, regardless of its degree, guaranteeing the higher performance of stochastic contracts.
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This intuition is also illustrated in Example 1 when Prelec (1998)’s function is assumed with
α = 1.
Hypothesis 3. Optimism on its own explains the higher average performance of LowPr
against Piecerate.
Furthermore, under linear utility, Proposition 3 can be interpreted as likelihood insensitivity,
regardless of its degree, explaining the higher performance of stochastic contracts implemented
with small probabilities, i.e. all probabilities such that r < 1e . This intuition is also illustrated
in Example 1 when Prelec (1998)’s function is assumed to exhibit β = 1.
Hypothesis 4. Likelihood insensitivity on its own explains the higher average performance
of LowPr against Piecerate.

5. Results
5.1. Treatment effects
In this subsection, I compare performance in the effort task across treatments. Performance
is defined as the total number of correctly solved summations by a subject. Hence, each
subject is treated as an independent observation in the data analysis. Statistical significance
is assesed with t-tests and the Wilcoxon Mann-Whitney tests for pairwise comparisons and
with regressions for multiple comparisons. Standarized effect sizes complement all significant
results.
Table 2 presents the descriptive statistics of performance by treatment. This table shows
that, as predicted by Hypothesis 1, the stochastic contract implemented with r = 0.10
generates higher average performance than the piece-rate contract. Specifically, subjects
assigned to the LowPr treatment solved on average 20.56 % more summations than subjects
in Piecerate (t(86) = 2.366, p = 0.010).10 The effect size of this treatment difference is of
0.50 standard deviations which is significant at the 5% confidence level.11 This is the main
empirical result of the paper: subjects are more motivated under the stochastic contract
implemented with small probability than under a cost-equivalent piece rate.
In contrast, stochastic contracts implemented with higher probabilities generate similar
average performance as the piece-rate contract. Subjects assigned the MePr treatment solved
10
A Wilcoxon Mann-Whitney test also rejects the null hypothesis of no average difference between Piecerate
and LowPr (z = 2.634, p = 0.008).
11
The significance of the effect size was evaluated with a bootstrapped 95% confidence interval with 10000
replications.
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Table 2:

Descriptive statistics of performance by treatments

Treatment
Mean
Median
St.dev.
N

LowPr MePr
HiPr
98.116 87.900 83.750
91.000 87.000 82.500
34.659 28.134 24.358
43
40
44

Piecerate
81.377
77.000
31.684
45

Total
87.686
85.000
30.412
172

87.90 correct summations on average and subjects assigned the HiPR treatment solved 83.75
correct summations on average, neither of which is statistically different from the average
number of correct summations solved by subjects assigned to Piecerate.12 These findings
partially support Hypothesis 1, which accurately predicts that MePr induces similar average
performance as Piecerate but incorrectly predicts that HiPr generates lower performance
than Piecerate. Conjectures about this partial confirmation of Hypothesis 1 are provided at
the end of this subsection.
Among the treatments representing stochastic contracts, the LowPr generates the highest
average performance. This treatment generates 17% higher average performance than HiPr
(t(85) = 2.241, p = 0.014), and 11% higher average performance than MePr (t(81) = 1.467, p =
0.071).13 The effect sizes of these differences are of 0.480 standard deviations and 0.322
standard deviations, respectively. Hence, statistical inference using pairwise testing suggests
that LowPr generates the highest motivation.
I estimate regressions of performance on treatment dummies, dummies that capture
the shape of the utility function of a subject, and dummies that capture the shape of the
weighting function of a subject. These regressions seek to establish the robustness of the
aforementioned treatment effects when average risk attitude in the sample is controlled for.
If the treatment effects are robust to the inclusion of these controls, it can be concluded
that these performance differences are not an artifact of more risk seeking or less risk averse
subjects that were assigned to some of the treatments.
The dummy variables included in the regressions were constructed using data from the
second part of the experiment. A subject’s utility function was classified as having either
a linear, concave, convex, or mixed shape. Details of this classification are presented in
Appendix D.14 Furthermore, a subject’s probability weighting function was classified as
12

The t-tests of these comparisons are (t(83) = 0.990, p = 0.321) and (t(87) = 0.395, p = 0.693), respectively.
Wilcoxon-Mann-Whitney tests of these comparisons yield (z = 1.321, p = 0.186) and (z = 0.895, p = 0.371,
respectively.
13
Wilcoxon-Mann-Whitney tests of these differences yield (z = 1.966, p = 0.049) and (z = 1.035, p = 0.7),
respectively.
00
14
In short, a variable ∆j := (xj − xj−1 ) − (xj−1 − xj−2 ) for j = 2, 3, 4, 5, 6, is constructed for each subject.
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displaying either lower subadditivity (LS, from here onward) and/or upper subadditivity
(US, from here onward). A weighting function with LS assigns larger decision weights to
low probabilities than to intermediate probabilities. A weighting function with US assigns
larger decision weights to large probabilities than to intermediate probabilities.15 In some
specifications, a different classification of probability weighting functions is included. The
alternative classification was based on the strength of the possibility effect, generated by
the overweighting of small probabilities, relative to the certainty effect, generated by the
underweighting of small probabilities. The variable “Possibility” takes a value of one if for a
subject the possibility effect is stronger than the certainty effect and zero otherwise.16 Details
of these classifications of probability weighting functions are presented in Appendix E.
Table 3 presents the regression estimates. For all specifications, the coefficient associated
to assignment to LowPr is significant and positive at the 5% significance level, corroborating
the result that subjects assigned to that treatment display higher average performance than
subjects assigned to Piecerate, the benchmark of the regression. Similarly, the coefficient
of LowPr is significantly larger than that of HiPr (F (1, 163) = 5.75, p = 0.017) as well as
significantly larger than that of MePr (F (1, 163) = 2.16, p = 0.071). Thus, among the studied
contracts, the LowPr produces the highest performance. This result is robust to including a
continuous measure of utility curvature as shown by the estimates in Table 14 in Appendix F.
The first result of the paper is that the stochastic contract with a small probability,
exposing subjects to large amounts of risk, yields higher performance than the other three
contracts.
Result 1. Average performance across treatments conforms to the ranking:
LowPr > MePr = Piecerate = HiPr.
An alternative explanation to Result 1 is that LowPr generates higher performance because
it circumvents income effects (See Azrieli et al. (2018) and Lee (2008)). In contrast, these
effects are present in Piecerate and can be a source of demotivation for subjects toward the
last rounds of the effort task. This explanation also accommodates the result that LowPr
generates higher average performance than MePr and HiPr because, by paying less rounds,
that treatment is more effective in minimizing income effects. If income effects are indeed
generating these treatment effects, there should not be significant performance differences
00

A subject is classified as having linear utility if most values ∆j are close to zero, concave utility if most values
00
00
∆j are positive, convex utility if most values ∆j are negative, and mixed utility otherwise.


15
Specifically, a subject in the experiment
exhibited
LS when w−1 61 < w−1 26 − w−1 16 . Also, a


subject exhibited US when 1 − w−1 56 < w−1 56 − w−1 46 . 

16
A subject had a stronger possibility effect when 1 − w−1 56 < w−1 16 .
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Table 3: Regression of performance on treatments

LowPr
MePr
HiPr

(1)
Performance
16.739∗∗
(7.090)
6.522
(6.487)
2.372
(5.985)

Concave
Convex
Mixed

(2)
Performance
16.558∗∗
(7.508)
6.714
(6.610)
1.684
(5.888)
14.359
(9.401)
7.623
(10.109)
3.864
(6.625)

US
LS

(3)
Performance
16.001∗∗
(7.532)
6.335
(6.677)
1.616
(6.308)
15.067
(9.529)
8.527
(10.469)
3.698
(6.699)
0.904
(5.183)
2.924
(5.053)

Possibility
Certainty
Constant
R2
Observations

81.378∗∗∗
(4.726)
0.045
172

79.819∗∗∗
(5.025)
0.062
172

78.497∗∗∗
(5.242)
0.065
172

(4)
Performance
16.526∗∗
(7.589)
6.585
(6.724)
0.758
(6.016)
15.090
(9.681)
7.185
(10.513)
4.259
(6.785)

4.901
(7.637)
7.062
(7.791)
74.667∗∗∗
(7.371)
0.064
172

Note: This table presents the estimates of the Ordinary Least Squares regression of the
model P erf ormancei = γ0 + γ1 LowP r + γ2 M eP r + γ3 HiP r + Controls0 Λ + i , with
E(|M epR, LowP r, HiP r, Controls) = 0. “Performance” is the number of correctly
solved sums solved by a subject in the first part of the experiment, “LowPr”, “MePr”
and “HiPr” are binary variables that indicate if a subject was assigned to the treatment
offering stochastic contracts implemented with low, medium or high probability,
respectively. “Piecerate” is the benchmark of the regression. Robust standard errors
in parenthesis. *** denotes significance at the 0.01 level, ** denotes significance at
the 0.05 level, * denotes significance at the 0.1 level.
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across the treatments in the first round, when income effects are absent in all treatments.
I estimate a regression of performance in a given round on treatment dummies, round
dummies, and relevant controls with standard errors clustered at the individual level. The
estimates presented in Table 13 in Appendix F show that subjects assigned to LowPr
achieve 1.653 higher average performance in the first round as compared to subjects in
Piecerate (p = 0.025). These subjects also exhibit higher average performance in the first
round as compared to subjects in HiPr (F (1, 171) = 5.97, p = 0.014) and subjects in MePr
(F (1, 171) = 2.21, p = 0.066). Hence, the aforementioned treatment differences emerge
regardless of income effects, contradicting this alternative explanation for Result 1. This
robustness check also demonstrates that the documented treatment effects are not due to
potential differences in learning on the task across treatments. That performance differences
across treatments appear as of the first round indicates instead that they are an immediate
consequence of the incentives implied by the contracts.
To conclude, the data on performance partly support Hypothesis 1. Nevertheless, that
theoretical conjecture was structured around the common finding that individuals overweight
probabilities smaller than p = 0.33 and underweight all probabilities thereafter. The analyses
presented in this subsection suggest instead that subjects overweighted on average the
probability p = 0.10 and evaluated approximately accurately the probabilities p = 0.30 and
p = 0.50. In the next subsection, I show that subjects indeed display an average weighting
function with such a shape.
5.2. Utility and probability weighting functions
In this subsection, I analyze the data obtained in the second part of the experiment. As
described in §3, the lotteries in decision sets 1 to 6 elicit a sequence {x1 , x2 , x3 , x4 , x5 , x6 } for
each subject. This sequence captures their preference over monetary outcomes. Analyses
of the data show that 75% of subjects exhibit linear utility functions and that the average
utility function in the experiment is linear. Results in line with the findings of Wakker and
Deneffe (1996) for small stakes, Bruhin et al. (2010), Epper et al. (2011), and Abdellaoui
et al. (2011) and consistent with the critique put forward by Rabin (2000). These results
also support an assumption of preference made in §4. Given these findings, and since the
main focus of the paper is on probability weighting functions and probabilistic risk attitude,
I relegate the complete analysis of utility functions and their shape to Appendix D.
Decision sets 7 to 11 elicited the sequence of probabilities
{w−1 (p1 ), w−1 (p2 ), w−1 (p3 ), w−1 (p4 ), w−1 (p5 )},
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for each subject. These data are analyzed to examine the way in which subjects evaluated
probabilities. To that end, I use regressions that relate the elicited sequence of probabilities
to the probability weights that they map. The rationale for using regressions as primary
analysis of these data is that i) they provide an indication of the average degree of probability
weighting in the experiment, ii) the resulting estimates can be used to compare the degree of
probability weighting in this experiment to that reported in previous studies, and iii) with the
resulting estimates one can construct indexes of likelihood insensitivity and optimism, which
are, according to Proposition 2 and Proposition 3, relevant factors behind the documented
efficiency of stochastic contracts.17 Alternative analyses of these data, including individual
analyses of the data and non-parametric analyses, are presented in Appendix E.
Various parametric proposals of probability weighting functions are assumed to estimate
the regressions. Specifically, I use the neo-additive probability weighting function (Chateauneuf
et al., 2007), Tversky and Kahneman (1992)’s probability weighting function, Prelec (1998)’s
two-parameter probability weighting function, and Goldstein and Einhorn (1987)’s log-odds
probability weighting function. This ensures robustness, as potential conclusions cannot be
misguided by the underlying assumptions of one particular functional form.
The resulting regression estimates are presented in Table 4 and some predictions from
these estimations are illustrated in Figure 3. Under all specifications, I find that subjects
display an average probability weighting function with a strong inverse-S shape and, for
weighting functions having two parameters, less pessimism than previously documented.
Detailed comparisons of these estimates with those found by previous studies are provided
in Appendix F. This shape of the average probability weighting function together with the
linearity of the average utility function constitute the second empirical result of the paper.
Result 2. Subjects exhibit on average a linear utility and a probability weighting function
with strong inverse S-shape and moderate pessimism.
The conjunction of a strong inverse-S shape and moderate pessimism generates a
probability weighting function that strongly overweights small probabilities and moderately
distorts medium-sized probabilities. For example, using the estimates of Panel 1 in Table 4 it
can be established that subjects perceived p = 0.10 to be on average equal to w(0.10) = 0.25,
while probabilities p = 0.30 and p = 0.5 are on average perceived to be w(0.30) = 0.363 and
w(0.50) = 0.477, respectively. These patterns of probability distortion accommodate the
results presented in the previous subsection. Namely, that LowPr generates higher output
than Piecerate, and that treatments HiPr, MePr, and Piecerate yield similar performance.
17

Comparisons across studies (see argument ii), must be taken with a grain of salt inasmuch as resulting
differences cannot only be attributed to differences in preferences, but also to the different stakes and methods
used to elicit risk preference.
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Table 4: Parametric estimates of average probability weighting function

Panel 1 w(p) = c + sp
ĉ

ŝ

∗∗∗

∗∗∗

0.194
(0.021)

0.566
(0.036)
220.288
860

Log-Likelihood
N
Panel 2 w(p) =

pψ
1

(pψ +(1−p)ψ ) ψ
ψ̂
∗∗∗

Adj. R2
N
Panel 3 w(p) =

0.598
(0.016)
0.838
860
δpγ
δpγ +(1−p)γ

γ̂

δ̂

∗∗∗

∗∗∗

0.281
(0.025)

0.921
(0.020)
0.863
860

Adj. R2
N
Panel 4 w(p) = exp (−β(− ln(p))α )
α̂

β̂

∗∗∗

∗∗∗

0.284
(0.025)

0.841
(0.015)
0.864
860

Adj. R2
N

Note: This table presents estimates of the average probability weighting function
of subjects when different parametric forms are assumed. Panel 1 presents the
maximum likelihood estimates of the equation w(p) = c + sp with truncation
at w(p) = 0 and at w(p) = 1. Panel 2 presents the non-linear least squares
pψ
estimation of the function w(p) =
1 . The third panel presents the
(pψ +(1−p)ψ ) ψ
γ

δp
non-linear least squares estimates of the parametric form δpγ +(1−p)
The
γ .
last panel presents the non-linear least squares estimates of the function
w(p) = exp (−β(− ln(p))α ). Robust standard errors in parenthesis. *** denotes
significance at the 0.01 level, ** denotes significance at the 0.05 level, * denotes
significance at the 0.1 level.
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Figure 3: Average probability weighting functions
5.3. Overweighting of probabilities, likelihood insensitivity, and the treatment
effect
This subsection reconciles the data obtained from both parts of the experiment to
empirically test the remaining hypotheses. I present empirical evidence that supports
Hypothesis 2. Moreover, I find that likelihood insensitivity, on its own, explains the treatment
effects documented in §5.1, a corroboration of Hypothesis 4.
To verify the validity of Hypothesis 2, I extend the regression presented in Table 3 with
the inclusion of interactions between the binary variable indicating assignment to treatment
LowPr and a binary variable that captures whether the subject exhibits overweighting of
small probabilities. For the sake of robustness, I use different variables to capture small
probability overweighting. Specifically, I use the variables LS, Possibility, and Overweightp= 1 .
6
The first two variables were already explained in §5.1, while the variable Overweightp= 1 takes
6
a value of one if a subject overweights the probability p = 16 and zero otherwise.18
Column (1) in Table 5 presents the OLS estimates of the regression when LS is used to
capture small probability overweighting. Subjects assigned to LowPr who have weighting
functions with lower subadditivity display higher average performance than subjects assigned
to Piecerate. In contrast, subjects assigned to LowPr who have weighting functions without
lower subadditivity exhibit an average performance level that is statistically indistinguishable
to that of subjects in Piecerate. Columns (2) and (3) in Table 5 show that similar conclusions
are reached when the other variables capturing small probability overweighting are used.19
18

These variables relate in the following way: a subject for whom LS takes a value of one surely overweights
the probability p = 16 and might exhibit a possibility effect that is stronger than the certainty effect. Similarly,
a subject for whom Possibility takes a value of one surely overweights p = 16 and exhibits LS.
19
Unlike the analyses in which LS and Possibility were used, the coefficient associated to LowPr remains
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The estimates presented in Table 15 in Appendix F provide further robustness for this
result. They demonstrate that higher probability overweighting, as measured by a continuous
variable, generates higher performance in LowPr as compared to Piecerate.
That overweighting of probabilities explains the performance difference stated in Result 1
constitutes the third empirical result of the paper.
Result 3. Subjects assigned LowPr who overweight small probabilities exhibit higher performance
as compared to subjects in Piecerate.
Finally, I investigate whether the higher performance of subjects in LowPr is due to
optimism and/or likelihood insensitivity. To that end, I first classify subjects as likelihood
insensitive and/or optimistic. Following Wakker (2010) and Abdellaoui et al. (2011), I
estimate for each subject, i, the following neo-additive probability weighting function:
w(pij ) = ci + si pij + ei ,

(5)

where j = {1, 2, 3, 4, 5} indicates a probability from the sequence of elicited probabilities
and ei is a subject-specific error term. To allow for S-shape estimates, this regression is
estimated with truncation at both ends, w(0) and w(1).
The magnitude of the estimate sˆi indicates subject’s i sensitivity to probabilities. If
sˆi < 1, the subject is not sufficiently responsive to changes in probabilities and is classified
as likelihood insensitive. Instead, if sˆi ≥ 1, the subject is either sufficiently or too sensitive
to changes in probabilities and is classified as likelihood sensitive. I find that 96 subjects in
the sample are classified as likelihood insensitive and 61 subjects are classified as likelihood
sensitive.20 Importantly, the degree of likelihood insensitivity is balanced across treatments.
For example, there is no empirical evidence to reject the null hypothesis of no difference in
likelihood insensitivity between LowPr and Piecerate (t(86) = 0.746, p = 0.46).
In addition, the magnitude of cˆi determines subject’s i optimism. If cˆi > 0, this subject
assigns large weights to best-ranked outcomes and, as a consequence, exhibits optimism.
Alternatively, if cˆi < 0 the subject exhibits pessimism. I find that 97 subjects in the sample
display optimism while 75 subjects display pessimism. Degrees of optimism are also balanced
across treatments. For example, there is no empirical evidence to reject the null hypothesis
of no difference in optimism between LowPr and Piecerate (t(86) = 1.03, p = 0.306).
significant when Overweightp= 16 is used in column (2). This significance suggests that the treatment effect is
not entirely captured by the mere tendency of subjects to overweight the probability p = 16 . Instead, the
treatment effect is explained by the subjects’ tendency to overweight the probability p = 16 relative to other
probabilities, be those medium-sized probabilities, 12 or large probabilities, 56 . This already suggests that
overweighting of probabilities due to likelihood insensitivity, which entails overweighting of small probabilities
with respect to medium-sized probabilities and large probabilities, explains the treatment effect.
20
Fifteen subjects had sˆi < 0 which has no clear interpretation and are thus left unclassified.
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Table 5: The influence of probability overweighting on the treatment effects
(1)
(2)
Performance Performance
LowPr*Mechanism
24.452∗∗∗
17.127∗∗
(8.378)
(8.312)
Mechanism
-2.141
3.014
(5.557)
(6.158)
LowPr
7.083
17.306∗∗
(8.199)
(8.252)
MePr
6.971
6.517
(6.559)
(6.602)
HiPr
1.410
1.725
(6.485)
(6.584)
Concave
15.766∗
14.934∗
(8.851)
(8.928)
Convex
10.768
8.257
(18.129)
(18.333)
Mixed
4.073
3.968
(6.802)
(6.900)
US
0.332
1.377
(4.958)
(4.941)
Constant
80.358∗∗∗
78.495∗∗∗
(5.183)
(5.471)
Mechanism variable
LS
Overweightp= 1
6
2
R
0.083
0.063
Observations
172
172

(3)
Performance
16.634∗∗
(7.873)
-5.307
(5.528)
2.679
(10.792)
7.039
(6.535)
1.019
(6.391)
14.719
(8.742)
8.865
(17.968)
6.837
(6.851)

83.151∗∗∗
(5.783)
Possibility
0.084
172

Note: This table presents the estimates of the Ordinary Least Squares regression
of the model P erf ormancei
=
γ0 + γ1 LowP r + γ2 LowP r ∗ M echanism +
γ3 M echanism + γ4 M eP r + γ5 M eP r + γ6 HiP r + Controls0 Γ + i ,
with
E(i |M eP r, LowP r, HiP r, Controls, M echanism) = 0. “Performance” is the number
of correctly solved sums solved by a subject in the first part of the experiment. “LowPr”,
“MePr” and “HiPr” are binary variables that indicate if a subject was assigned to a
treatment offering stochastic contract implemented with low, medium or high probability,
respectively. “Piecerate” is the benchmark of the regression. In column (1) Mechanism is
equal to “LS” a binary variable that takes a value of one if a a subject has a weighting
function with lower subadditivity and zero otherwise. In column (2) Mechanism is equal to
“Overweightp= 1 ” a binary variable that takes a value of one if a subject overweights the
6

probability p = 16 . In column (3) Mechanism is equal to “Possibility ” a binary variable
takes a value of one if a subject has a weighting function with the possibility effect being
stronger than the certainty effect and zero otherwise. Robust standard errors in parenthesis.
*** denotes significance at the 0.01 level, ** denotes significance at the 0.05 level, * denotes
significance at the 0.1 level.
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Binary variables capturing theseclassifications are added to the regressions presented in
Table 3. The variables are labeled “Optimism” and “Likelihood ins.”. Interactions between
these variables and the binary variable capturing assignment to treatment LowPr are included
in some specifications. The coefficients associated to these interactions evaluate the strength
of the treatment effect for subjects who exhibit likelihood insensitivity and/or optimism.
The resulting estimates are presented in Table 6. The estimates in columns (2) and (4) show
that likelihood insensitive subjects assigned to LowPr exhibit higher average performance as
compared to subjects assigned to Piecerate. In contrast, subjects assigned to LowPr who were
not classified as likelihood insensitive did not display significant performance differences with
respect to subjects assigned to Piecerate. These findings support the prediction that likelihood
insensitivity, on its own, ensures the effectiveness of the stochastic contract implemented with
a small probability. Furthermore, the estimates presented in columns (3) and (4) show that
subjects displaying optimism who were assigned to LowPr achieve an average performance
level that is statistically indistinguishable from that of subjects in Piecerate.
To gain robustness, a similar exercise is performed using the probability weighting
functions proposed by Prelec (1998) and Goldstein and Einhorn (1987). These functions
contain, each, two parameters. One of the parameters mainly influences likelihood insensitivity
while the other parameter mainly influences optimism. On the basis of the magnitude of
these parameters, I classify subjects according to whether they are likelihood insensitive
and/or optimistic. This classification is similar to the one described above. Table 17
in Appendix F presents the regression estimates when these alternative classifications of
likelihood insensitivity and optimism are used. The estimates therein corroborate the results
described in the previous paragraph: Hypothesis 4 is validated, however there is no empirical
evidence supporting the hypothesis that optimism explains the treatment effects documented
in §5.1. Finally, I also use a continuous measure of likelihood insensitivity 1 − ŝ and optimism
ŝ+ĉ
to estimate a model that considers different slopes for likelihood insensitive subjects
2
and/or optimistic subjects assigned to different treatments. Estimates of that regression are
presented in Appendix F, Table 16. The results therein corroborate that participants with
higher likelihood insensitivity display a larger performance difference between the treatments
LowPr and Piecerate.
I summarize the above analysis as follows:
Result 4. Likelihood insensitivity explains the treatment effects presented in Result 1.
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Table 6: The influence of likelihood insensitivity and optimism on treatment effects
(1)
Performance
LowPr*Likelihood ins.

(2)
Performance
23.692∗∗∗
(10.625)

LowPr*Optimist
LowPr
MePr
HiPR
Likelihood ins.
Optimist
Concave
Convex
Mixed
Certainty
Constant
R2
Observations

15.907∗∗
(6.562)
7.140
(6.497)
2.879
(6.407)
6.811
(5.492)
-10.343∗
(5.571)
14.689
(8.686)
7.006
(17.929)
3.936
(6.792)
-9.285∗
(4.978)
87.361∗∗∗
(6.302)
0.093
172

8.986
(10.387)
7.111
(6.502)
2.953
(6.413)
4.487
(6.125)
-9.756∗
(5.617)
15.076∗
(8.700)
4.838
(18.120)
3.879
(6.798)
-9.195∗
(6.789)
88.105∗∗∗
(6.366)
0.097
172

(3)
Performance

5.668
(8.730)
15.173
(10.058)
4.699
(6.616)
1.061
(6.410)
6.892
(5.572)
-10.612∗
(6.245)
14.610∗
(8.750)
6.962
(17.990)
3.858
(6.860)
-9.192∗
(5.085)
87.436∗∗∗
(6.369)
0.093
172

(4)
Performance
25.501∗∗
(11.133)
-11.884
(10.689)
10.157
(11.850)
7.158
(6.525)
3.050
(6.445)
4.025
(6.451)
-8.991
(6.513)
15.323∗
(8.794)
4.719
(18.180)
4.076
(6.869)
-9.429∗
(5.096)
87.987∗∗∗
(6.404)
0.098
172

Note: This table presents the estimates of the Ordinary Least Squares regression of the model P erf ormancei =
γ0 +γ1 LowP r∗Likelihoodins.+γ2 LowP r∗Optimism+γ3 LowP r+γ4 M eP r+γ5 HiP r+γ6 Likelihoodins.+γ7 Optimism+
Controls0 Γ + i , with E(i |M eP r, LowP r, HiP r, P iecerate, Optimism, Likelihoodins., Controls, M echanism) = 0.
“Performance” is the number of correctly solved sums solved by a subject in the first part of the experiment, “LowPr”,
“MePr” and “HiPr” are binary variables that indicate if a subject was assigned to a treatment offering a stochastic
contract implemented with low, medium or high probability, respectively. “Piecerate” is the benchmark of the regression.
“Likelihood ins.” is a binary variable that takes a value of one if the subject is likelihood insensitive and zero otherwise.
“Optimism’ is a binary variable that takes a value of one if the subject displays optimism and zero otherwise. Robust
standard errors in parenthesis. *** denotes significance at the 0.01 level, ** denotes significance at the 0.05 level, *
denotes significance at the 0.1 level.
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6. Applications and Discussion
This paper demonstrated theoretically and empirically that stochastic contracts exposing
individuals to large degrees of risk generate more motivation than contracts traditionally
regarded as optimal as well as contracts typically used in the field. This result is explained by
the individuals’ tendency to overweight small probabilities, which makes them risk seeking and
induces a preference for risky compensation schemes. Likelihood insensitivity, the cognitive
component of probability weighting, was found to be the force behind the documented boost
in motivation generated by stochastic contracts.
While stochastic contracts are typically treated in the literature as abstract constructs,
their incentives can be brought to practice using well-known tools of personnel economics. In
the following, I discuss some ways in which these incentives can be implemented.
• Bonuses. The principal can take advantage of the stochastic relationship between
output and effort by offering a contract that pays a bonus in the contingency that an
output target is attained. The findings of this paper show that the principal should set
a high target, yielding a small probability of achievement, to expose the agent to a large
amount of risk. Workers suffering from likelihood insensitivity will be more motivated
under this contract as compared to a cost-equivalent linear piece-rate contract. This
application and its relationship to Proposition 1 are further formalized in Appendix A.
• Excessive entrepreneurship and autonomy in the firm. The risk neutral principal
can sell a risky project to the agent, making him residual claimant. The RDU agent
suffering from likelihood insensitivity will buy the project as he overweights the small
probability that the project will be profitable. Also, the results of this paper suggest
that the RDU agent suffering from likelihood insensitivity will be more motivated to
work on the project when he is made residual claimant, and thus fully exposed to risk,
than when he is given a traditional contract that seeks to protect him from some of the
risk associated to the project.
• Stock options. A volatile firm can offer its CEOs compensation plans that include
stock options. Naturally, the future stock price is unknown at the moment in which the
contract is signed. First, as shown by Spalt (2013) the agent with likelihood insensitivity
will accept these contracts despite the firm being risky. That is because he overweights
the probability of obtaining large profits from calling the option. Second, this paper
suggests that contracts with stock options generate higher motivation than less risky
performance-pay contracts. That is because the perceived contribution of the agent’s
effort to the probability of high future stock prices will be overweighted.
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A common property among the aforementioned applications is that the incentives of
stochastic contracts are implemented using natural sources of uncertainty: output realizations
given effort, future stock prizes, and project success. Indexing the outcomes of the contract
to natural uncertain events allows the principal to circumvent the problem of lack credibility
that might arise if she were to generate the contract’s uncertainty with an artificial device,
e.g. a roulette or dice. Ensuring that she has no influence over the realization of uncertainty
also allows the principal to more credibly commit to the contract. Moreover, recent research
suggests that individuals display more insensitivity toward ambiguity than toward risk
(Abdellaoui et al., 2011, Baillon et al., 2018). Since likelihood insensitivity was found to
be the main explanation for effectiveness of the contract, implementing the contract using
natural sources of uncertainty, which are typically ambiguous, enhances the gains from its
usage.
The present study has several limitations that might open avenues for future research.
First, it is assumed through the paper that the principal is fully informed about the agent’s
risk attitudes. Future research could relax this assumption. Specifically, the model presented
in §2 can be extended to incorporate a stage of adverse selection. The principal’s task in
such framework is to design a menu of contracts that not only to motivates agents but that
also screens them according to their risk preference.
Second, this paper considered a static setting. A more comprehensive investigation
of stochastic contracts could examine its incentives in a setting of repeated interaction
between principal and agent. On the theoretical side, it has been shown that optimal
contracts in dynamic settings exhibit properties that depend on the agent’s expectation over
the contracting span, i.e. martingale property. When expectations are distorted, due to
probability weighting, it is unclear whether these properties are enhanced or fade away, and
whether these conditions are more favorable for stochastic contracts. On the empirical side,
an extension to a dynamic setup allows for a more robust analysis of incentives. Such setting
could shed light on whether and how probability weights are adjusted with experience, and,
as a result, if the motivating effect of stochastic contracts presented in this paper changes
over time.
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Appendix A. Proofs
Lemma 1
Proof. Using integration by parts, rewrite the agent’s utility in Eq. (3) as




RDU (t, e) = u t(y) −
¯

Z y
¯
ȳ



 dt(y) 

u0 t(y)

dy



w 1 − F (q|e) Fe (y|e)dy − c(e).

(6)

Denote by tf o the solution to the following principal’s problem
max
{t(y)}

Z ȳ 



S(y) − t(y) f (y|e)dy

y
¯


 Z y 
 dt(y) 

u t(y) − ¯ u0 t(y)
w 1 − F (q|e) Fe (y|e)dy − c(e) ≥ Ū,
dy
ȳ
¯
Z ȳ


dt
u0 (t) we 1 − F (y|e) Fe (y|e)dy − c0 (e).
dy
y

s.t.

(7)

¯

In the above program, the incentive compatibility constraint in Eq. (4) is replaced by the
first-order condition of Eq. (3) with respect to e. This approach is necessary and sufficient if
the following condition holds:
Z y
¯
ȳ



 dt(y) 

u0 t(y)

dy

2 



we (1 − F (q|e)) Fee (y|e)−wee (1 − F (q|e)) Fe (y|e)
dt(y)
dy

Since c00 (e) > 0 (Assumption 1), u0 > 0 (Asumption 4),
following sufficient condition ensures the concavity of RDU (t, e):






(8)
≥ 0 (Assumption 3), the

2

we 1 − F (y|e) Fee (y|e) − wee (1 − F (y|e)) Fe (y|e)


f (y|e)dy−c00 (e) < 0.

<0

(9)



Due to Fee (y|e) > 0 (Assumption 2) and we 1−F (y|e) > 0 (Assumption 5), a probability
weighting function that exhibits wee (1 − F (y|e)) Fe (y|e) < 0 cannot fulfill the condition in
Eq.(9). Hence, for the optimality of tf o it suffices that wee (1 − F (y|e)) Fe (y|e) > 0. Letting
p = 1 − F (y|e), that condition can be written as w00 (p) > 0.

Proposition 1
Proof. Let w(r) > u(r). For the optimality of L = (r, t(y); 1 − r, 0), it suffices that for any
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generic contract the following inequality holds
RDU (L, e) > RDU (t(y), e) ⇔
w(r)

Z ȳ 
y
¯







u T (y) wy 1 − F (y|e) f (y|e)dy >

Z ȳ 
y
¯







u t(y) wy 1 − F (y|e) f (y|e)dy.

(10)

For each ỹ ∈ [y, ȳ] the inequality in Eq. (10) collapses to
¯










u t(ỹ)



.
w(r)u T (ỹ) ≥ u t(ỹ) ⇔ w(r) > 
u T (ỹ)

(11)

Using Assumption 6, the previous inequality can be written as

w(r) >









u rT (ỹ)
u T (ỹ)





u T (ỹ)

 ⇔ w(r) > u(r).
⇒ w(r) > u(r) 
u T (ỹ)

(12)

Where the second equivalence is due to the concavity of u (Assumption 4) and the fact
that u(r) ∈ [0, 1].
Consequently, offering L leaves the agent’s participation and incentive compatibility
constraint unchanged as compared to offering a generic contract t(y); It provides the same
utility and incentives (Eq. (33)) at lower costs to the principal (Assumption 6).
Let L be optimal. According to Lemma 1, a necessary condition for that optimality is
 
00
η p < 0 for a weighting function η : [0, 1] → [0, 1] with the properties of Assumption 5.
Otherwise, the solution from the first-order approach is optimal. Rewrite that condition as
 

−η 00 p

> 0.

 

η0 p

(13)

Let p1 , p2 ∈ (0, 1) with p2 ≥ p1 . Integrating both sides of the inequality in Eq. (13) with
respect to p in the interval [p1 , p2 ] gives
−

Z p2
p1





η 00 (s)
0
0
ds
>
0
⇔
ln
η
(p
)
<
ln
η
(p
)
2
1 .
η 0 (s)

(14)

Integrating the last inequality in Eq. (14) with respect to p1 ∈ [0, p2 ] gives
Z p2
0

η 0 (p2 )ds <

Z p2

η 0 (s)ds ⇔

0



0



η (p2 )p2 < η p2 ⇔
0

η (p2 )
1
< .
η(p2 )
p2
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(15)





Let w = φ u(r) for any r ∈ (0, 1). Integrating the last inequality in Eq. (15) but this time
with respect to p2 ∈ [u(r), 1] yields
Z 1
u(r)

Z 1




η 0 (s)
1
ds <
ds ⇔ − ln η u(r) < − ln u(r) ⇒ w(r) > u(r).
η(s)
u(r) s




(16)


Corollary 1
Proof. Let w(p) = p. In that case the inequality in Eq. (8) becomes
Z ȳ
y
¯



ut t(y)

 dt(y)

dy

Fee (y|e)f (y|e)dy − cee (e) < 0.

(17)

Since cee (e) > 0 (Assumption 1), ut > 0 (Asumption 4), dt(y)
≥ 0 (Assumption 3), and
dy
Fee (y|e) > 0 (Assumption 2), the condition in Eq (17) holds and tf o is optimal. Contract L
cannot improve upon tf o .

Proposition 2
Proof. Let o(p) : [0, 1] → [0, 1] be all probability weighting functions with the properties of
Assumption 5 and p̃ = 1. Denote by oi (p) and oj (p) the probability weighting functions of
optimistic decision makers i and j, respectively. Let i be more optimistic than j, then
θ00 (p)o0j (p) o00j (p)
o00i (p)
=
+ 0
.
o0i (p)
θ0 (p)
oj (p)

(18)

Due to the concavity of oi and oj , and because θ00 (p) < 0, the above equation implies
o00 (p)
< oj0 (p) .
j
Let p1 , p0 ∈ (0, 1) such that p1 > p0 , then

o00
i (p)
o0i (p)

Z p1
p0

−

Z p1
o00j (s)
o0j (p1 )
o00i (s)
o0i (p1 )
ds
>
−
ds
⇔
>
.
o0i (s)
o0j (s)
o0j (p0 )
o0i (p0 )
p0

(19)

Integrating the resulting inequality with respect to p0 gives
Z 0
p1

o0j (s)o0i (s)ds >

Z 0
p1

o0i (p1 )o0j (p1 )ds ⇔

o0j (p1 )
o0 (p1 )
> i
.
oj (p1 )
oi (p1 )

(20)

Integrating again but this time with respect to p1 over [u(r), 1] gives
Z 1
u(r)

Z 1




o0j (s)
o0i (p1 )
ds >
ds ⇔ oi u(r) > oj u(r) .
oj (s)
u(r) oi (p1 )
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(21)





Let oj (r) = r and w(r) = oi u(r) ,then the last inequality in the above equation becomes
w(r) > u(r), the condition from Proposition 1. Hence, the required level of optimism is




given by the function composition oi u(r) which implies oi u(r) > u(r) for any concave
probability weighting function oi .

Proposition 3
Proof. Let l(p) : [0, 1] → [0, 1] be all probability weighting functions with the properties of
Assumption 5 and p̃ = 0.5. Denote by li (p) and lj (p) the probability weighting functions of
likelihood insensitive decision makers i and j, respectively. Let i be more likelihood insensitive
than j, then
φ00 (p)lj0 (p) lj00 (p)
li00 (p)
=
+ 0
,
li0 (p)
φ0 (p)
lj (p)

(22)

in p ∈ (0, p̃) due to the concavity of li and lj in that interval. The above equation implies
l00 (p)
< lj0 (p) for all in p ∈ (0, p̃).
j
Let p1 , p0 ∈ (0, p̃) such that p1 > p0 , then

li00 (p)
li0 (p)

Z p1
p0

−

Z p1
lj00 (s)
lj0 (p1 )
li00 (s)
li0 (p1 )
ds
>
−
ds
⇔
>
li0 (s)
lj0 (s)
lj0 (p0 )
li0 (p0 )
p0

(23)

Integrating the resulting inequality with respect to p0 gives
Z 0
p1

lj0 (s)li0 (s)ds >

Z 0
p1

li0 (s)lj0 (s)ds ⇔

lj0 (p1 )
l0 (p1 )
> i
lj (p1 )
li (p1 )

(24)

Integrating again with respect t p1 over [u(r), p̃] for any r such that u(r) < p̃ yields,
Z p̃
u(r)

Z p̃ 0




lj0 (s)
li (s)
ds >
ds ⇔ li u(r) > lj u(r) .
lj (s)
u(r) li (s)

(25)

Let lj (r) = r and w(r) = li (u(r)), the above inequality becomes w(r) > u(r), the condition
from Proposition 1. Hence, the required level of likelihood insensitivity is given by the function




composition li u(r) which implies li u(r) > u(r) for any subadditive probability weighting
function li in the interval (0, p̃) .

Examples
Lump-sum bonus vs. flat wage.– Consider a principal who is deciding to switch from a flat
wage F to a cost-equivalent pay-for-performance compensation scheme.Again, consider the
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lump-sum bonus contract,tB . Formally, the bonus contract exhibits the following shape

That these two payment modalities comply with Assumption 6 implies that
B (1 − F (ŷ|e)) = F.

(26)

The bonus contract leads to higher utility than the flat wage

Z ȳ

0





u(F )w 1 − F (y|e) f (y|e)dy <

y
¯

Z ȳ





u(B)w0 1 − F (y|e) f (y|e)dy

ŷ





u(F ) < u(B)w 1 − F (ŷ|e)

Using Eq. (26), the last inequality in the above equation becomes



 



u(B)w 1 − F (ŷ|e) > u B 1 − F (ŷ|e)









(27)

⇔ w 1 − F (ŷ|e) > u 1 − F (ŷ|e) .
Where the equivalence is due to the concavity of u(t). Letting r := 1 − F (ŷ|e), the last
inequality in Eq.(27) becomes w(r) > u(r), the condition from Proposition 1.
Lump-sum bonus vs. Piece-rate.– Consider a principal who is deciding to switch from a
linear piece-rate tP = ay to another cost-equivalent compensation scheme. Specifically,
consider a lump-sum bonus contract, which can introduce large degrees of risk in the agent’s
environment.
Formally, the bonus contract exhibits the following shape

tB =



B

if y ≥ ŷ


0

if y < ŷ.

.

That these two payment modalities comply with Assumption 6 implies that
B (1 − F (ŷ|e)) = aE (y|e) .
The bonus contract leads to higher utility than the piece-rate contract if
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(28)

Z ȳ





u(ay)w0 1 − F (y|e) f (y|e)dy <

y
¯

Z ȳ





u(B)w0 1 − F (y|e) f (y|e)dy

ŷ









Ẽ u(ay)|e < u(B)w 1 − F (ŷ|e)




Where Ẽ(y) := yȳ yw0 1 − F (y|e) f (y|e)dy, a non-linear expectation. For each ỹ ∈ [y, ȳ],
¯
¯
the last inequality in the above equation becomes
R









 



u(B)w 1 − F (ŷ|e) > u(aỹ) ⇔ u(B)w 1 − F (ŷ|e) > u B 1 − F (ŷ|e)








(29)

⇔ w 1 − F (ŷ|e) > u 1 − F (ŷ|e) .
Where the first equivalence is due to Eq.(28) and the second equivalence is due to the
concavity of u(t). Letting r := 1 − F (ŷ|e), the last inequality in Eq.(29) becomes w(r) > u(r),
the condition from Proposition 1.
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Appendix B. Stochastic output and applications
This Appendix consider the special case in which effort is binary. Formally, the agent’s
action consists on exerting a high effort level or a low effort level e = {eL , eH }. In this setting,
only high effort is costly, that is
Assumption 7 (cost of effort).


c

if eH ,

0

if eL .

c(e) = 
Where c > 0.

Output is still assumed to be a random variable taking any value in the interval y ∈ [y, ȳ].
¯
The simplifying assumption that effort is binary, leads to less stringent assumptions on the
distribution function of output. The following assumption relaxes Assumption 2.
Assumption 8 (output distribution). F (y|e) : [y, ȳ] → [0, 1] admits a density function
¯
f (y|e).
The relationship between effort and output is still given by the monotone likelihood ratio
property, which is now captured by the following assumption.
Assumption 9 (monotone likelihood ratio property). Effort and output relate according to


g(y|eH )
∂
≥ 0.
∂y f (y|eL )
In the considered setting, the principal’s program is
max
{t(y)}
s.t.

Z ȳ 
y
¯

Z ȳ
y
Z¯
y
¯



S(y) − t(y) f (y|eH )dy

ȳ





u(t)wy 1 − F (y|eH ) f (y|eH )dy − c ≥ Ū,








(30)




u(t) wy 1 − F (y|eH ) f (y|eH ) − wy 1 − F (y|eL ) f (y|eL ) dy − c.

The following proposition presents the condition under which the stochastic contract
outperforms standard contracts t(y).
Proposition 4. Let Assumptions 4-9 hold. The stochastic contract L improves upon any
contract t(y) if w(r) > u(r).
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Proof. Denote by tf o the standard solution to the principal’s problem (Eq. (30)) derived
from the first-order approach. For the optimality of L = (r, T (y); 1 − r, 0), it suffices that for
any generic tf o the following inequality holds:
RDU (L, e) > RDU (t(y), e) ⇔
w(r)

Z ȳ 
y
¯





Z ȳ 



u T (y) wy 1 − F (y|e) f (y|e)dy >

y
¯







u tf o (y) wy 1 − F (y|e) f (y|e)dy.

(31)

For each y ∗ ∈ [y, ȳ] and since T (y)p = tf o (y) (Assumption 6), the inequality in Eq. (31)
¯
collapses to








w(r)u T (y ∗ ) > u tf o (y ∗ ) ⇔ w(r) >









u tf o (y ∗ )
u T (y ∗ )

.

(32)

Using Assumption 6, this inequality can be rewritten as

w(r) >









u rT (y ∗ )
u T (y ∗ )





u T (y ∗ )

 ⇔ w(r) > u(r),
⇒ w(r) > u(r) 
u T (y ∗ )

(33)

where the second implication is due to the concavity of u (Assumption 4).

Proposition 4 shows that the result from Proposition 1 holds when the effort space is
binarized. This modelling approach is often followed in the literature to avoid making strong
assumptions on the shape of the distribution function (See Assumption 2). Some distributions
cannot comply with the convexity requirement Fee (y|e) > 0. The result in Proposition 4
shows that the effectiveness of stochastic contracts go beyond impossing that assumption.
Hence, the result from Proposition 1 is not an artifact of the assumptions on the density
function, but a consequence of the agent’s risk preferences.
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Appendix C: Agents with CPT preferences
In this Appendix, I analyze the incentives generated by stochastic contracts when agents
have risk preferences characterized by CPT (Tversky and Kahneman, 1992). I find that under
mild additional conditions, the result stated in Proposition 1 holds: stochastic contracts that
expose the agent to large amounts of risk can generate higher output than linear piece-rate
contracts. This finding is not surprising since CPT incorporates probability distortions in
the same way as RDU.
Agents with CPT preferences evaluate possible outcomes in the stochastic contract relative
to a reference point R ≥ 0. Outcomes below the reference point are coined losses and outcomes
above it are gains. In the original formulation of CPT, R represents the status quo, or the
monetary amount that the agent owns and is thus exogenous to the principal’s choice. In the
following, I adopt the assumption that the reference point is exogenous to the principal’s
offer.
The main difference of CPT with respect to RDU is that the agent can exhibit different
risk preferences in the domain of gains and the domain of losses. This is partly because
outcomes are evaluated with a value function that exhibits the following properties:

Assumption 10. V (t(y), R) is the piecewise function,

V (t, R) =

 


u t(y) − R



−λu R − t(y)

if t(y) ≥ R,
if t(y) < R.

With R ≥ 0, λ > 1, u0 > 0 for all y ∈ [0, ȳ], and u00 < 0 for all y ∈ [0, ȳ].
In words, the value function, V , is an increasing function that is concave in the domain
of gains and convex in the domain of losses. This S-shaped utility function generates risk
averse and risk seeking attitudes in gains and losses, respectively. Additionally, the worker is
loss averse, i.e. losses loom larger than equally-sized gains. This property is captured by the
parameter λ > 1 which only enters the value function for the domain of losses.
Like the RDU agent, a CPT agent transforms probabilities using a probability weighting
function. However, transformations of probability can be different for gains and losses. Let
w(p) with the properties from Assumption 5 be the probability weighting function used to
transform probabilities in the domain of gains.
Let z(p) be the probability weighting function used to transform probabilities in the
domain of losses. To simplify matters, I assume that w(p) and z(p) relate through the duality
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z(p) = 1 − w(1 − p). Hence, the weighting function for losses adopts the same properties as
that for gains, but differs in that probability transformations are applied to loss ranks, or a
ranking of outcomes from least-desirable to most-desirable, rather than to gain ranks.21
All in all, the utility of the agent with CPT preferences when offered ts (y) is equal to:

CP T (ts (y), t) =





w(p)u t(y) − R − c(e)



−z(p)λu R − t(y) − c(e)

, if t ≥ R ≥ 0,

(34)

, if R > t > 0.

We are in a position to compare the two contracts with respect to the output that they
deliver. Proposition 5 provides the conditions under which the principal is better off exposing
the agent to large amounts of risk with the stochastic contract.
Proposition 5. Let assumptions 1-6, and 10 hold. Contract L improves upon any contract
t(y) if and only if w(r) > u(r).
Proof. Let w(r) > u(r) and t ≥ R. For the optimality of L = (r, t(y); 1 − r, 0), it suffices that
for any generic contract t(y),
CP T (L, e) > CP T (t(y), e) ⇔
w(r)

Z ȳ 
y
¯







u T (y) − R wy 1 − F (y|e) f (y|e)dy >

Z ȳ 
y
¯







u t(y) − R wy 1 − F (y|e) f (y|e)dy.
(35)

For a given realization ỹ ∈ [y, ȳ] the inequality in (35) collapses to
¯








u t(ỹ) − R





.
w(r)u T (ỹ) − R > u t(ỹ) − R ⇔ w(r) > 
u T (ỹ) − R

(36)

Using Assumption 6, the previous inequality can be written as

w(r) >









u rT (ỹ) − R
u T (ỹ) − R



u T (ỹ) −

R
r



,
⇒ w(r) > u(r) 
u T (ỹ) − R

(37)

where the second equivalence is due to the concavity of u in t > r and u(r) ∈ (0, 1)
21

Formally, an agent with CPT preferences facing a lottery (x1 , p1 ; x2 , p2 ; ...; xn , pn ) ranks the outcomes
using an increasing arrangement x1 < x2 < ...xr−1 < r < xr+1 ... < xn and evaluates the outcomes
of the lottery relative to r through the function v(y, r). The lottery outcomes xr+1 , ...xn are gains and
the outcomes x1 , ...xr−1 are losses. The individual assigns decision
weights to gains in the following way
Pn
πn = w(pn ), πn−1 = w(pn−1 + pn ) − w(pn )), ..., πr+1 = 1 − j=r+1 w(pj ) and assigns decision weights to
Pn
losses in the following way π1 = z(p1 ), π2 = z(p1 + p2 ) − z(p1 )), ..., πr−1 = 1 − j=r−1 z(pj ).
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(Assumption 10). Since

R
r





> R and u0 > 0 (Assumption 10), then 0 < 



u T (ỹ)− R
r

< 1. Hence,

u T (ỹ)−R

w(r) > u(r) suffices for the inequality in Eq. (37) to hold.
Let now z(r) > u(r) and t < R. Then
z(r) > u(r) ⇔ w(r) > u(r)

u(T (y) − R)
u(t(y) − rR)
⇔ w(r) >
,
u(T (y) − R)
u(T (y) − R)

(38)

where the second equivalence is due to the convexity of u in t < R (Assumption 10).
u(t(y)−R)
Since u(t(y)−rR)
> u(T
, the last inequality in Eq. (38) implies
u(T (y)−R)
(y)−R)
z(r) > u(r)

u(t(y) − R)
.
u(T (y) − R)

(39)

Due to the duality, z(r) = 1 − w(1 − r), for a given realization ỹ ∈ [y, ȳ] the inequality in
¯
(35) holds.
Hence, contract L leaves the participation and incentive compatibility constraint unchanged
as compared to offering a generic contract t(y). It provides the same utility and incentives
(Eq. (35)) at the same costs to the principal (Assumption 6).
Let L be optimal. This part of the proof is identical to that presented in Proposition 1.
See Eqs. (13)-(16).

As with RDU preferences, the principal derives greater motivation using the stochastic
contract. However, this result emerges when the agent sufficiently overweights the probability
specified by the principal, so that the probabilistic risk seeking attitude of the agent outweighs
the potential risk averse attitudes stemming from his value function. Specifically, when the
favorable outcome of L is evaluated as a gain, t ≥ R the necessary lower-bound of probability
overweighting to be attained by the probability weighting function to make the agent risk
seeking is u(p). Instead, when t < R such lower-bound is sufficient. As it will explained
below, the requirement under gains is more stringent.
To conclude this appendix, I comment on the role of loss aversion and diminishing
sensitivity, two factors that determine risk attitude under CPT preference and that are absent
under RDU. Notice that the coefficient of loss aversion, λ, does not enter in the lower-bound
of Proposition 3, when the agent is located in the domain of losses. Thus, that the agent
exhibits more or less loss aversion is immaterial to the effectiveness of this stochastic contract
with respect to the linear contract.
The second component is diminishing sensitivity, i.e. that the value function is concave
for gains and convex for losses. This property implies that the requirement on probability
overweighting for the effectiveness of stochastic contracts is more stringent in the domain
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of gains. Intuitively, the convex curvature of the value function in the domain of losses
generates risk seeking, and facilitates that the agent becomes more motivated with a contract
that introduces risk. Instead, in the domain of gains, the value function is concave which
generates risk aversion, making more difficult that a contract that introduces risk is attractive
to the agent unless sufficient probabilistic risk seeking is induced so as to make the agent risk
seeking. An implication is thus that stochastic contracts are more likely to be motivating in
the domain of losses.
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Appendix D: Utility functions
This appendix investigates the properties of the elicited utility functions. Decision sets
1 to 6 of the second part of the experiment are designed to elicit the sequence of outcomes
{x1 , x2 , x3 , x4 , x5 , x6 } for each subject. This elicited sequence has the relevant property that
it ensures equally-spaced utility values, i.e. u(xj ) − u(xj−1 ) = u(xj−1 ) − u(xj−2 ), allowing me
to characterize a subject’s preference over monetary outcomes by mapping each utility value,
u(xj )to the subject’s stated preference xj .
I focus on two properties of the utility function: the sign of the slope and the curvature.
To that end, I construct two variables, the first variable is ∆0i := xj − xj−1 , for j = 1, ..., 6 and
the second is ∆00j := ∆0j − ∆0j−1 for i = 2, ..., 6. The sign of ∆0j as j increases determines the
sign of the slope, i.e. whether a subject prefers larger monetary outcomes to smaller monetary
outcomes. Similarly, the sign of ∆00j as j increases determines the utility curvature. For
example, a subject with ∆0j > 0 and ∆00j > 0 for all j exhibits a preference for larger monetary
outcomes and experiences smaller utility increments with larger monetary outcomes, this is
equivalent to say that this subject has an increasing and concave utility function.
The first analysis focuses on classifications at the individual level. I classify subjects
according to the curvature of their utility function. Since I have multiple observations for
each subject and it was possible that subjects made mistakes, this classification is based on
the sign of ∆00j with the most occurrence. Specifically, a subject with at least three negative
∆00j s was classified as having a convex utility, a subject with at least three positive ∆00j s had a
concave utility and subject with three or more ∆00i s had a linear utility. A subject with a
utility function that cannot be classified as concave, convex, or linear, had a mixed utility.
Furthermore, to statistically asses the sign of a ∆00j , I construct confidence intervals around
zero. In particular, I multiply the standard deviation of each ∆00j by the factors 0.64 and
−0.64. Thus, if ∆00j follows a normal distribution, 50% of the data should lie within the
confidence interval.22
The data suggest that all subjects in the experiment exhibit an increasing sequence
{x1 , ..., x6 } which denotes, not surprisingly, a generalized preference for larger amounts of
money. Table 7 presents the classification of subjects according to the curvature of their
utility function. The data suggest that the majority of subjects exhibit linear utility functions.
22

More stringent confidence intervals were also used for the analysis. These confidence intervals were also
constructed using the standard deviation of a ∆00j which was multiplied by different factors, such as 1 and
−1, 1.64 and −1.64, and 2 and −2. The qualitative results of these analyzes are not different from the main
result presented here that the majority of subjects exhibit a linear utility function. This is not surprising
inasmuch as these confidence intervals are more stringent and yield less subjects classified as having a mixed
utility function and more subjects exhibiting a linear utility function.

47

Specifically, 77% of the subjects have linear utility, while the rest of the subjects have mixed
utility (13% of the subjects), and concave utility (7% of the subjects). A proportions test
suggest that the proportion of subjects with linear utility is significantly larger than 50%
(p<0.001). Moreover, this test also yields that the proportion of subjects having linear
functions is significantly larger than the proportion of subjects with mixed (p<0.001) and
concave utility (p<0.001).
The result that more than two-thirds of the subjects exhibit linear utility is at odds with
the principle of diminishing sensitivity, a key property of cumulative prospect theory (CPT).
However, disregarding CPT as a possible representation for the subjects’ preferences for
money on the basis of this classification may be incorrect. As pointed out by Wakker and
Deneffe (1996), their trade-off method, used to elicit {x1 , x2 , x3 , x4 , x5 }, requires lotteries
with large monetary outcomes in order to obtain utility functions with curvature. Therefore,
one of the advantages of the experimental design, that it elicits the utility function and the
probability weighting function of subjects using monetary stakes that reflect the monetary
incentives in the first part of the experiment, is also the reason that diminishing sensitivity is
not be observed.
Table 7 also presents the results of the aforementioned analysis when it is assumed that
subjects have CPT preferences with a reference point equal to the monetary equivalent of
a subject’s beliefs about his performance in the first part of the experiment. Monetary
outcomes above this reference point are considered gains and outcomes below the reference
point are considered losses. This alternative analysis also leads to the conclusion that the
majority of the subjects exhibit a linear utility function. Specifically, I find that 65 % of the
subjects have linear utilities in the domain of gains and 98% of the subjects exhibit linear
utilities in the domain of losses.
To understand how the aforementioned results aggregate, I analyze the sequence {x1 , ..., x6 }
when each outcome xj is averaged for all subject. Table 8 presents the descriptive statistics
of the resulting outcomes. I find that the average outcome xj is increasing with j, implying
that on average subjects exhibit a taste for larger monetary outcomes. Moreover, the column
displaying the average values of the variable ∆0j shows that as j increases, increments of xj
become larger. Thus, while on average subjects exhibit linear utility, this tendency ceases as
monetary outcomes in the lotteries become larger. In fact, for large values of xj the average
utility function displays concavity. This result is also found by Abdellaoui (2000).
The last analysis of the data consists on fitting well-known parametric families of utility
functions. Specifically, I assume a power utility, belonging to the CRRA family of utility
functions, and an exponential function, belonging to the CARA family of utility functions.
Table 9 the regression estimates when non-linear least squares is used to fit the data to the
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Table 7: Classification of subjects according to utility curvature

Reference Point
No/Zero
Belief
Belief

Domain Convex Concave
No/Gains
3
13
Gains
3
12
Losses
0
1

Linear Mixed
133
23
43
21
90
2

Total
172
79
93

Note: This table presents the subjects classification according to the shape of their
utility function. Subjects are classified as having a convex, concave, linear or mixed
utility function based on the sign of ∆j with more occurrence. The first row presents
the classification when the analysis is performed with all the data. The second and
third columns feature the analysis taking into account the Beliefs non-zero reference
point, which is the monetary equivalent of a subject’s beliefs about her performance
in the first part of the experiment. The second row presents the analysis when the
monetary outcomes of the lotteries are above the reference point, whereas the third
row presents the analysis when the monetary outcomes of the lotteries are below the
reference point

assumed utility function. For the two parametric specifications I find that the average utility
function of the subjects is approximately linear. For instance, when the power utility function
u(x) = xk is assumed, the parameter attains a value of 0.995. This finding is consistent with
the large proportion of subjects that were classified as having a linear utility function in the
individual analysis and the modest increments that the averaged outcomes xj exhibit as j
increases presented in Table 8.
These analyses are also performed under the assumption that subjects have CPT preferences
with a reference point equal to the monetary equivalent of the subject’s belief in the first part
of the experiment. According to Table 8, subjects exhibit an average preference for larger
monetary amounts in both domains. Also, the descriptive statistics suggest a decreasing
tendency of the utility function to be linear as the outcome becomes larger in the domain
of gains and lower in the domain of losses. The latter finding implies that in the domain
of gains the average utility function tends to concavity, while in the domain of losses the
function it tends to convexity. Furthermore, the data suggest that diminishing sensitivity
manifests at different degrees across the domains, with subjects exhibiting more in the domain
of gains. This difference is explained by fact that only positive outcomes were used to elicit
the sequence {x1 , x2 , x3 , x4 , x5 , x6 }. This leaves little room for subjects to exhibit as much
sensitivity in the domain of losses as in the domain of gains. Note that I chose to elicit
preferences using only positive outcomes since the second part of the experiment was designed
to understand the subjects’ risk preferences over the monetary incentives at stake in the first
part of the experiment. A more complete analysis of diminishing sensitivity across domains,
and of risk preferences in general, requires lotteries featuring negative outcomes.
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Table 8:

j
xj
1
2.579 (1.990)
2
4.573 (4.445)
3
6.684 (6.792)
4
9.179 (9.420)
5
11.773 (11.880)
6
14.379 (14.418)
Ref.Point
No/Zero
Domain
No/Gains

Aggregate results x1 ,x2 ,x3 ,x4 ,x5 , and x6
∆0j
1.579
1.993
2.110
2.495
2.594
2.605

xj
3.761(4.037)
8.167 (5.226)
12.545(7.564)
17.812 (9.826)
23.156(11.598)
28.400 (13.608)
Beliefs
Gains

xj
∆0k
3.037 1.576 (0.548)
4.129 2.167(0.931)
4.378 2.761(1.280)
5.266 3.515 (1.800)
5.344 4.353 (2.589)
5.243 5.287 (3.727)
Beliefs
Losses

∆0j
0.576
0.590
0.593
0.754
0.837
0.934

Note: This table presents the average, standard deviations of the sequence x1 , x2 , x3 , x4 , x5 , x6 along
with the difference ∆0j = xj − xj−1 . Standard deviations are presented in parenthesis. Columns
2 and 3 present these statistics when all the data is taken into account. Columns 4, 5, 6, and
7, present these statistics when it is assumed that subjects make decisions around Beliefs as a
reference point. Columns 4 and 5 present the mean and median of x1 , x2 , x3 , x4 , x5 , x6 along with
∆0j = xj − xj−1 for values above Beliefs for each subject. Columns 6 and 7 present the mean and
median of x1 , x2 , x3 , x4 , x5 , x6 along with ∆0j = xj − xj−1 for values below Beliefs for each subject.

I also estimate the parameters of the utility function for each domain assuming a power
or an exponential utility function. For the domain of losses, the estimated coefficients suggest
approximate linearity, with an estimated coefficient k = 0.992 when a power utility function
is assumed. A similar result is found for the domain of losses, where the estimation yields
k = 1.035.
All in all, the data suggest that subjects have linear utility functions. This finding is
robust to the assumption that subjects have CPT preferences and the reference point is
assumed to be their belief. This is not a surprising finding given the magnitude of the stakes
used to elicit the subject’s risk preferences. Furthermore, the conclusion that the utility
function is linear implies that probability risk attitudes fully determine the risk attitudes.
Implying that performance differences across treatments must be explained by probability
distortions.
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Table 9:

Parametric estimates of average utility function

Exponential (CARA) 1 − exp(−γ(xj−1 + 2 ))
γ̂
Adj. R2
N
Power Utility (CRRA) (xj−1 + 2 )k
k̂
Adj. R2
N
Ref.Point
Domain

0.977 (0.001) 0.946 (0.001) 1.337 (0.001)
0.922
0.887
0.303
1032
412
619
0.995 (0.001) 0.992 (0.001) 1.035 (0.007)
0.925
0.971
0.756
1032
412
619
No/Zero
Beliefs
Beliefs
No/Gains
Gains
Losses

Note: This table presents the estimates of the non linear least squares regression. The upper panel
assumes that the parametric form 1 − exp(−γ(xj−1 + 2 )) and the lower panel assumes the parametric
form (xj−1 + 2 )k . The first column presents uses all the data. The second and third column present the
data for the domain of gains and the domain of losses, respectively, when the reference point is Beliefs.
Standard errors in parenthesis.
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Appendix E: Individual analysis of probability weighting functions
This appendix presents alternative analyses of the probability weighting functions. Decision
sets 7 to 11 included in the second part of the experiment were designed to elicit the subjects’
weighting functions. In the main body of the paper, I present parametric analyses of the
average data. In this appendix, I present non-parametric analyses of these data performed at
the individual level.
The first analysis classifies each subject according to the shape of the elicited probability
weighting function and is based on Bleichrodt and Pinto (2000). There were five possible
shapes of the probability weighting function. A subject could display a weighting function
with either lower subadditivity (LS), upper subadditivity (US) or with both properties. These
three properties result from comparing the behavior of the probability weighting function
at extreme probabilities to the behavior of the same function at intermediate probabilities.
Moreover, a subject could display a concave or a convex probability weighting function.
j
To classify a subject into one of these five categories, I created the variable ∂j−1
:=
w(pj )−w(pj−1 )
, which captures the average slope of the probability weighting function
w−1 (pj )−w−1 (pj−1 )
j
j−1
between probabilities j and j − 1. I also created the variable 5jj−1 ≡ ∂j−1
− ∂j−2
, which
represents the change of the average slope of the weighting function between successive
probabilities.
To understand the subjects’ behavior at extreme and intermediate probabilities I focus
1
0.33
on the sign of the variables 50.33
0.16 and 50.83 . If a subject exhibits 50.16 < 0, his probability
weighting exhibits LS. In other words, his probability weighting function assigns larger
weights to small probabilities than to medium-ranged probabilities. Moreover, if a subject
has 510.83 > 0, then his probability weighting function exhibits the property of US. That is,
his weighting function assigns larger weights to large probabilities than to medium-ranged
probabilities. The resulting dummy variables LS and US or Both were used in the main body
of the paper to investigate the effect of these properties of the weighting function on the
treatment effects.
In addition, I examine the sign of 5jj−1 as j increases to determine the shape of the
weighting function of each subject over the whole probability interval. A subject was classified
as having a concave weighting function if at least three (out of five) 5jj−1 had a negative
sign and he did not exhibit US. Alternatively, a subject had a convex probability weighting
function if at least three (out of five) 5jj−1 were positive and he did not exhibit LS. Note
that these classifications allow for the possibility of response error.
Table 10 presents the results of the individual classification. I find that 57 % of subjects
exhibit LS, 75% of subjects exhibit US and 44% of subjects display probability weighting
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functions with both LS and US. Therefore, most subjects in the experiment had weighting
functions that yield overweighting of small probabilities or underweighting of large probabilities.
Also, almost half of subjects exhibit probability weighting functions that assign large weights
to small and large probabilities. These proportions are however considerably lower than those
reported by Bleichrodt and Pinto (2000). Moreover, I find that 39% of the subjects exhibit
convex weighting functions and only 13% of the subjects exhibit concave weighting functions.
Thus, more subjects in the experiment exhibit pessimism. Furthermore, the proportion of
subjects in the experiment with either concave or convex probability weighting functions is
higher than that reported by Bleichrodt and Pinto (2000), who finds that only 15% of the
subjects have probability weighting functions with either of these shapes.
Table 10:

Classification of subjects according to the shape of their weighting function

Reference Point
No/Zero
Beliefs
Beliefs

Domain Convex Concave
No/Gains
68
23
Gains
29
9
Losses
39
14

LS US
98 129
49 63
49 66

LS & US
76
38
38

Note: This table presents the classification of subjects according to the shape
of their probability weighting function. Subjects are classified as having a
probability weighting function with US, LS or both. Also, subjects are classified
as having a convex or concave probability weighting function if they do not
exhibit LS and US, respectively. This classification depends on the sign of 5jj−1 .
The first row presents the classification with all the data. The second and third
columns feature the analysis assuming that the monetary equivalent of a subject
belief in the real-effort task is the reference point. The second row presents the
analysis when the monetary outcomes of the lotteries are above the reference
point. The third row presents the analysis when the monetary outcomes of the
lotteries are below the reference point.

For the sake of robustness, I perform an alternative classification of LS and US also
proposed by Bleichrodt and Pinto (2000). In comparison to the above classification, weights
given to extreme probabilities are contrasted to the corresponding objective probability. In
 
particular a subject has a weighting function with LS if w−1 16 < 0.16. Similarly, a subject
 

has a weighting function with US if 1 − w−1 56 < 0.16. This alternative classification
of LS and US is admittedly less accurate. The reason is that assigning large weights to
extreme probabilities does does not guarantee that the weights assigned to medium-ranged
probabilities are small.
The results of the alternative classification are presented in Table 11. I find that a similar
proportion of subjects exhibit US and LS. Specifically, 40.12% of subjects exhibit LS and
38.37% subjects exhibit US. Also, only 20% of subjects exhibit both LS and US. These
proportions are considerably lower than those obtained with the initial classification and are
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also smaller to those reported by Bleichrodt and Pinto (2000).
Table 11:

Classification of subjects according to LS, US, or both

Reference Point
No/Zero
Beliefs
Beliefs

Domain LS
No/Gains 55
Gains 18
Losses 37

US
89
49
40

Both
25
8
17

Note: This table presents the classification of subjects
according to the shape of their weighting functions.
Subjects are classified
 as having
 weighting
 functions
with LS if w−1 16 < w−1 26 − w−1 61 . Subjects

have weighting
functions
with US if 1 − w−1 56 <


w−1 65 − w−1 46 . When these two properties hold,
subjects are classified in Both.

The last considered classification, evaluates the strength of the possibility effect relative
to the certainty effect. A subject exhibits a weighting function with a possibility effect that
 
 
is stronger than the certainty effect when 1 − w−1 65 > w−1 16 . Table 12 shows that the
majority of subjects in the experiment have probability weighting functions with the certainty
effect exceeding the possibility effect. This result is in line with the findings of Tversky and
Fox (1995). Nevertheless, the proportion of subjects for which Certainty exceeds Possibility
is not negligible as it constitutes close to 32 % of subjects.
Table 12:

Classification of subjects according to strength of possibility effect

Reference Point
No/Zero
Beliefs
Beliefs

Domain Certainty Possibility
No/Gains
107
55
Gains
57
18
Losses
50
37

Equal
10
4
6

Note: This table presents the classification of subjects according to the
strength of the possibility effect with respect to the certainty effect.
Subjects are classified Possibility, that is having probability weighting
function
 where the possibility effect exceeds the certainty
 effect if 1 −
w−1 65 > w−1 16 . Instead, if 1 − w−1 56 < w−1 16 subjectswere
classified certainty. Finally, subjects with 1 − w−1 56 = w−1 16 were
classified Equal.

As in the main body of the paper, I consider the possibility that subjects have CPT
preferences with a reference point equal to the monetary equivalent of their beliefs about
performance in the first part of the experiment. All previous analyses are also performed
under the assumption that the monetary equivalent of a subject’s belief in the real-effort task
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is the reference point.23 The results of these analyses are also presented in Table 10, Table 11,
and Table 12. All in all, I find that the aforementioned results are robust to subjects having
CPT preferences. In particular for both domains there is a large proportion of subjects with
US and/or LS. Also, regardless of the domain, more subjects exhibit weighting functions
with the certainty effect being stronger than the possibility effect.
In conclusion, the analyses of the data at the individual level suggest that the majority
of subjects have weighting functions with US or LS. Moreover, I find that less than half of
subjects exhibit both properties at the same time, which is a remarkable difference with
respect to Bleichrodt and Pinto (2000). Finally, as in Abdellaoui (2000) and Tversky and
Fox (1995), I find that the certainty effect is stronger than the possibility effect for a larger
share of individuals.

23

It is important to emphasize that the nature and intuition of the classification under the assumption that
Beliefs is the reference point differs from the original classification. The reason for this difference is that the
data do not admit enough 5jj−1 s to analyze the shape of the probability weighting function of a subject for
the domain of gains as well as for the domain of losses. Instead, I analyze the shape of a subject’s probability
weighting function for the domain wherein the majority of his 5jj−1 s lie. Thus, this analysis could shed light
on whether subjects who have most of their choices in the domain of losses exhibit weighting functions of
different shape than subjects who have most of their choices in the domain of gains.
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Appendix F: Additional analyses
Robustness of main results
Table 13: Regression of performance by round on treatments

LowPr
MePr
HiPr

(1)
Performance
1.674∗∗
(0.705)
0.652
(0.645)
0.237
(0.595)

Mixed
Convex
Concave
LS
US

(2)
Performance
1.600∗∗
(0.739)
0.634
(0.655)
0.162
(0.619)
0.370
(0.657)
0.853
(1.027)
1.507
(0.935)
0.292
(0.496)
0.090
(0.509)

Possibility
Certainty
Constant
Round Fixed Effects
R2
Observations

6.369∗∗∗
(0.465)
Yes
0.083
1720

6.081∗∗∗
(0.502)
Yes
0.084
1720

(3)
Performance
1.653∗∗
(0.745)
0.658
(0.660)
0.076
(0.590)
0.426
(0.666)
0.719
(1.032)
1.509
(0.950)

0.490
(0.749)
0.706
(0.764)
5.698∗∗∗
(0.734)
Yes
0.071
1720

Note: This table presents the estimates of the Random Effects regression of the
model P erf ormancei = γ0 + γ1 LowP r + γ2 M eP r + γ3 HiP r + Controls0 Λ + i ,
with E(|M epR, LowP r, HiP r, Controls) = 0. “Performance” is the number
of correctly solved sums solved by a subject in a round in the first part of the
experiment, “LowPr”, “MePr” and “HiPr” are binary variables that indicate if a
subject was assigned to the treatment offering stochastic contracts implemented
with low, medium or high probability, respectively. “Piecerate” is the benchmark
of the regression. Robust standard errors in parenthesis. *** denotes significance
at the 0.01 level, ** denotes significance at the 0.05 level, * denotes significance
at the 0.1 level.
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Table 14: Regression of performance on treatments

LowPr
MePr
HiPr

(1)
Performance
16.739∗∗
(7.090)
6.522
(6.487)
2.372
(5.985)

Curvature Utility

(2)
Performance
16.103∗∗
(7.179)
6.730
(6.444)
1.953
(5.842)
0.001∗∗
(0.000)

US
LS

(3)
Performance
15.506∗∗
(7.150)
6.339
(6.475)
1.904
(6.317)
0.001∗∗
(0.000)
0.953
(5.140)
3.288
(5.041)

Possibility
Certainty
Constant
R2
Observations

81.378∗∗∗
(4.726)
0.045
172

76.146∗∗∗
(5.285)
0.066
172

74.407∗∗∗
(5.752)
0.07
172

(4)
Performance
15.825∗∗
(7.281)
6.484
(6.536)
0.939
(5.972)
0.001∗∗
(0.000)

7.415
(7.005)
8.942
(7.056)
68.568∗∗∗
(7.592)
0.07
172

Note: This table presents the estimates of the Ordinary Least Squares regression of the
model P erf ormancei = γ0 + γ1 LowP r + γ2 M eP r + γ3 HiP r + Controls0 Λ + i , with
E(|M epR, LowP r, HiP r, Controls) = 0. “Performance” is the number of correctly
solved sums solved by a subject in the first part of the experiment, “LowPr”, “MePr”
and “HiPr” are binary variables that indicate if a subject was assigned to the treatment
offering stochastic contracts implemented with low, medium or high probability,
respectively. “Piecerate” is the benchmark of the regression. Robust standard errors
in parenthesis. *** denotes significance at the 0.01 level, ** denotes significance at
the 0.05 level, * denotes significance at the 0.1 level.
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Table 15: The influence of continuous probability overweighting on treatment effects

LowPr* Curvw

(1)
Performance
9.299∗
(5.073)

(2)
Performance

LowPr* CurvwM

HiPr

15.273∗∗
(7.296)
6.770
(6.449)
2.869
(6.015)

-8.209
(6.239)
2.845
(7.636)
1.121
(14.022)
7.613
(18.268)
6.756
(6.654)
3.190
(6.496)

79.683∗∗∗
(12.236)

15.231∗∗
(7.612)
7.527
(6.521)
3.636
(6.016)
1.093
(10.684)
5.497
(6.559)
14.781
(8.968)
-7.753
(6.390)
84.171∗∗∗
(5.929)

-12.110∗
(7.048)
3.265
(6.849)
10.879
(14.239)
11.845
(8.359)
7.261
(6.694)
3.852
(6.374)
3.254
(9.663)
5.258
(6.798)
15.201∗
(9.125)
-8.099
(6.656)
83.711∗∗∗
(12.486)

81.930∗∗∗
(4.745)

78.339∗∗∗
(11.384)

78.824∗∗∗
(12.333)

p = 0.068
0.060
172

p = 0.028
0.069
172

p = 0.840
0.056
172

p = 0.091
0.089
172

p = 0.041
0.096
172

p = 0.653
0.078
172

Convex
Mixed
Concave
Certainty
Constant
Wald test
Curvw vs.
LowPr*Curvw
R2
Observations

7.750
(12.453)
-2.235
(3.402)

-14.606∗∗
(6.827)
5.014
(6.908)
1.107
(13.834)
12.292
(8.108)
6.982
(6.603)
3.893
(6.499)

CurvwL

(6)
Performance

18.850∗
(10.406)

-3.777
(2.887)

CurvwM

MePr

(5)
Performance

6.090
(11.944)

CurvwS

LowPr

(4)
Performance
10.280∗∗
(5.214)

18.700∗
(10.353)

LowPr* CurvwS

Curvw

(3)
Performance

-10.462∗
(6.167)
2.352
(7.490)
1.690
(13.279)
4.879
(18.712)
7.219
(6.756)
2.582
(6.311)
9.913
(14.198)
6.942
(6.941)
15.630∗
(9.137)

Note: This table presents the estimates of the Ordinary Least Squares regression of the model
P erf ormancei = γ0 + γ1 LowP r + γ2 Curv ∗ LowP r + γ3 Curv + γ4 M eP r + γ5HiP r + Controls0 Λ + i , with
E(|M epR, LowP r, HiP r, Controls) = 0. “Performance” is the number of correctly solved sums solved by a
subject in the first part of the experiment, “LowPr”, “MePr” and “HiPr” are binary variables that indicate
if a subject was assigned to the treatment offering stochastic contracts implemented with low, medium or
high probability, respectively. “Piecerate” is the benchmark of the regression. Robust standard errors in
parenthesis. “Curvw” measures probability overweighting w(p)j − pj for all five measurements j. “CurvwS”
measures probability overweighting w(p) − p for p = 16 and p = 13 . “CurvwM” measures probability overweighting
w(p)j − pj for p = 12 and p = 23 . *** denotes significance at the 0.01 level, ** denotes significance at the 0.05
level, * denotes significance at the 0.1 level.
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Table 16: The influence of continuous likelihood insensitivity and optimism on treatment
effects

HiPr*(1 − ŝ)
MePr*(1 − ŝ)
HiPr*(1 − ŝ)
1 − ŝ

(1)
Performance
-1.036
(3.914)
-1.187
(4.258)
-4.981∗∗∗
(1.313)
-7.909∗∗∗
(2.574)

(2)
Performance
0.106
(3.780)
-0.747
(4.309)
-5.238∗∗∗
(1.393)
-7.847∗∗∗
(2.587)

-2.269
(7.316)
16.598∗∗
(7.633)
5.167
(7.018)
-0.155
(5.707)
3.776
(6.765)
13.605
(9.797)
6.461
(10.983)
1.692
(4.521)

1.445
(7.633)
15.888∗∗
(7.264)
5.031
(6.804)
0.066
(5.635)

MePr* 2ĉ+ŝ
2
HiPr* 2ĉ+ŝ
2
HiPr* 2ĉ+ŝ
2
2ĉ+ŝ
2

HiPr
MePr
HiPr
Mixed
Concave
Convex
Certainty

81.683∗∗∗
(6.492)

1.194
(4.383)
0.001∗∗
(0.000)
75.962∗∗∗
(6.997)

p = 0.014

p = 0.077

0.105
170

0.113
170

Curvature Utility
Cons
Wald test
HiPr+HiPr*(1 − ŝ) vs. 1 − ŝ
HiPr+HiPr* 2c+s
vs. 2c+s
2
2
2
R
Observations

(3)
Performance

(4)
Performance

-4.759∗∗∗
(1.311)
-22.271
(15.036)
-10.546
(11.599)
6.693
(4.939)
13.482
(10.929)
20.518∗∗
(8.342)
21.631∗
(11.739)
11.268
(8.631)
3.044
(6.984)
14.084
(9.988)
8.336
(10.943)
1.192
(4.433)

-4.783∗∗∗
(1.296)
-17.263
(16.198)
-7.945
(9.694)
12.770∗∗
(5.617)
13.279
(10.493)
17.195∗∗
(8.091)
18.834
(11.743)
10.229
(7.916)

74.195∗∗∗
(7.134)

0.530
(4.289)
0.001∗
(0.000)
70.664∗∗∗
(6.865)

p = 0.237
0.113
170

p = 0.138
0.117
170

Note: This table presents estimates of Ordinary Least Squares regressions. “Performance” is the number
of correctly solved sums solved by a subject in the first part of the experiment, “LowPr”, “MePr” and
“HiPr” are binary variables that indicate if a subject was assigned to a treatment offering a stochastic
contract implemented with low, medium or high probability, respectively. “Piecerate” is the benchmark of
the regression. 1 − ŝ is an index of likelihood insensitivity. 2c+s
is an index of optimism. Robust standard
2
errors in parenthesis. *** denotes significance at the 0.01 level, ** denotes significance at the 0.05 level, *
denotes significance at the 0.1 level.
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Table 17: The influence of likelihood insensitivity and optimism on treatment effects

LowPr
*Likelihood ins.
LowPr*
Optimist
LowPr
MePr
HiPR
Likelihood ins.
Optimist
Concave
Convex
Mixed
Certainty
Constant
Parametric
family
Likelihood ins.
Optimist
R2
Observations

(1)
Performance

(2)
Performance
21.976∗∗∗
(10.085)

20.492∗∗∗
(7.696)
12.827∗
(6.679)
6.711
(5.665)
1.194
(4.850)
-5.818
(5.119)
16.859∗
(9.257)
6.206
(11.581)
6.808
(7.348)
-9.639∗
(5.793)
82.533∗∗∗
(7.305)
Prelec (1998)

15.635
(13.864)
12.850∗
(6.704)
6.727
(5.688)
-0.075
(4.934)
-5.520
(5.296)
17.095∗
(9.388)
5.386
(11.848)
7.122
(7.365)
-9.734∗
(5.844)
83.128∗∗∗
(7.190)
Prelec (1998)

(3)
Performance
16.778∗
(10.085)
2.450
(12.974)
8.753
(18.827)
12.768∗
(6.727)
6.411
(5.692)
0.410
(4.972)
-7.887
. (5.452)
16.321∗
(9.641)
9.296
(12.770)
6.324
(7.221)
-9.094
(5.657)
83.989∗∗∗
(7.233)
Prelec (1998)

α̂ < 1
β̂ < 1
0.118
156

α̂ < 1
β̂ < 1
0.119
156

α̂ < 1
β̂ < 1
0.124
156

(4)
Performance

(5)
Performance
20.642∗∗
(8.510)

21.177∗∗∗
(7.735)
12.708∗
(6.692)
7.753
(5.697)
-1.399
(4.759)
-4.103
(4.924)
15.825∗
(8.760)
8.038
(11.387)
6.499
(7.377)
-9.437∗
(5.494)
82.474∗∗∗
(6.733)
Goldstein and
Einhorn (1987)
ĝ < 1
δ̂ > 1
0.114
157

11.846
(12.342)
12.907∗
(6.715)
7.829
(5.709)
-4.034
(4.815)
-4.207
(4.938)
15.218∗
(8.655)
5.723
(11.889)
7.075
(7.522)
-9.714∗
(5.527)
84.110∗∗∗
(6.667)
Goldstein and
Einhorn (1987)
ĝ < 1
δ̂ > 1
0.120
157

(6)
Performance
15.264∗
(9.112)
5.135
(12.227)
6.711
(13.774)
12.698∗
(6.746)
7.709
(5.699)
-3.821
(4.807)
-7.013
(4.940)
14.631∗
(8.685)
9.774
(12.279)
6.133
(7.187)
-8.630
(5.423)
84.716∗∗∗
(6.614)
Goldstein and
Einhorn (1987)
ĝ < 1
δ̂ > 1
0.127
157

Note: This table presents the estimates of the Ordinary Least Squares regression of the model P erf ormancei = γ0 + γ1 LowP r ∗
Likelihoodins. + γ2 LowP r ∗ Optimism + γ3 LowP r + γ4 M eP r + γ5 HiP r + γ6 Likelihoodins. + γ7 Optimism + Controls0 Γ + i ,
with E(i |M eP r, LowP r, HiP r, P iecerate, Optimism, Likelihoodins., Controls, M echanism) = 0. “Performance” is the number of
correctly solved sums solved by a subject in the first part of the experiment, “LowPr”, “MePr” and “HiPr” are binary variables that
indicate if a subject was assigned to a treatment offering a stochastic contract implemented with low, medium or high probability,
respectively. “Piecerate” is the benchmark of the regression. “Likelihood ins.” is a binary variable that takes a value of one if the
subject is likelihood insensitive and zero otherwise. “Optimist’ is a binary variable that takes a value of one if the subject displays
optimism and zero otherwise. Robust standard errors in parenthesis. *** denotes significance at the 0.01 level, ** denotes significance
at the 0.05 level, * denotes significance at the 0.1 level.
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Descriptions and comparisons with previous studies
Panel 1 in Table 4 presents the estimates of a truncated regression of the neo-additive
functional, w(p) = c + sp.24 The resulting estimates display ĉ > 0 and ĉ + ŝ < 1, which
imply that subjects on average overweighted small probabilities and underweighted large
probabilities. Furthermore, ĉ and ŝ are larger and smaller, respectively, than the estimates
reported in Abdellaoui et al. (2011), suggesting that subjects in my experiment exhibit higher
degrees of optimism toward risk as well as higher degrees of likelihood insensitivity.
A more traditional parametric representation of the probability weighting function was
proposed by Tversky and Kahneman (1992). Their proposal relates probabilities and their
pψ
associated weights according to the following non-linear function: w(p) =
1 . The
(pψ +(1−p)ψ ) ψ
second panel of Table 4 shows that the non-linear least squares method generates an estimate
ψ̂ = 0.59, which is lower than those reported in previous studies. Specifically, classical
experiments report estimates in the range 0.60-0.75 (Bleichrodt and Pinto, 2000, Abdellaoui,
2000, Wu and Gonzalez, 1996, Tversky and Kahneman, 1992). Therefore, subjects in my
experiment display a weighting function with more severe probability distortion.
A crucial disadvantage of Tversky and Kahneman’s (1992) weighting function is that
likelihood insensitivity and optimism/pessimism influence ψ, so their effect on probabilistic
risk attitudes cannot be identified. To overcome such disadvantage, I also use the log-odds
δpγ
weighting function proposed by Goldstein and Einhorn (1987), w(p) = δpγ +(1−p)
γ , which can,
up to some extent, separate these two components. The estimates of a non-linear least squares
regression are presented in Panel 3. The magnitude of ĝ indicates that the average weighting
function has a strong inverse-S shape and the magnitude of δ̂ an strikingly small degree of
pessimism. These coefficients are lower and higher, respectively, than those found in previous
studies (Bruhin et al., 2010, Bleichrodt and Pinto, 2000, Abdellaoui, 2000, Gonzalez and Wu,
1999, Wu and Gonzalez, 1996, Tversky and Fox, 1995). Thus, subjects in the experiment
had an average weighting function with more likelihood insensitivity and optimism than
previously documented.
Lastly, I also estimate a regression assuming Prelec (1998)’s probability weighting function
with two parameters, w(p) = exp (−β(− ln(p))α ). This parametric functional also separates,
up to some extent, optimism from likelihood insensitivity. Panel 4 presents the estimates of
a non-linear least squares regression. The estimate α̂, which is statistically lower than one,
entails that the average probability function has a strong inverse-S shape. Moreover, the
estimate β̂, which is also statistically lower than one, entails that subjects on average display
24
The assumed truncation at the extremes, w(0) and w(1), provides the estimation with the flexibility to
admit weighting functions with S-shape.
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optimism. Previous estimations of this probability weighting function report larger values of
α and β (Murphy and Ten Brincke, 2018, L’Haridon et al., 2018, ?, Abdellaoui et al., 2011,
Bleichrodt and Pinto, 2000). Hence, these subjects display an average probability weighting
function with a stronger inverse-S shape and more optimism as compared to previous studies.
Including an expectations-based reference point
For the sake of robustness, I perform the aforementioned estimations accounting for the
possibility that subjects have CPT preferences. In such analysis I assumed the subject’s
reference point to be the monetary equivalent of each subject’s belief in the first part of
the experiment. Lottery outcomes above this reference point belong to the domain of gains,
while lottery outcomes below this reference point belong to the domain of losses. I perform
separate regressions for each domain. The results are presented in Table 18. I find that for all
considered functional forms of probability weighting and for both domains, subjects display
weighting functions with inverse-S shapes and more optimism than previously found. As a
consequence, the results presented in this section are robust to the assumption that subjects’
preferences can be represented by CPT preferences.
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Table 18:

Parametric estimates of the weighting function with reference point

(1)
Panel 1: Neo-additive (truncated)
w(p) = c + sp
ĉ
ŝ
Log-Likelihood
Panel 2: Tversky & Kahneman (1992)
pψ
w(p) =
1
(pψ +(1−p)ψ ) ψ
ψ̂
Adj. R2
Panel 3: Goldstein and Einhorn (1987)

(2)

(3)

0.194 ∗∗∗ (0.021) 0.228∗∗∗ (0.024) 0.155∗∗∗ (0.024)
0.566∗∗∗ (0.035) 0.463∗∗∗ (0.037) 0.686∗∗∗ (0.044)
220.288
75.200
166.842

0.598∗∗∗ (0.016)
0.838

0.597∗∗∗ (0.012)
0.827

0.785∗∗∗ (0.037)
0.866

0.281∗∗∗ (0.025)
0.921∗∗∗ (0.020)
0.863

0.196∗∗∗ (0.027)
0.892∗∗∗ (0.029)
0.845

0.426∗∗∗ (0.042)
0.982∗∗∗ (0.032)
0.888

γ

δp
w(p) = δpγ +(1−p)
γ
ĝ
δ̂
Adj. R2
Panel 4: Prelec (1998)

w(p) = exp (−β(− ln(p))α )
α̂
β̂
Adj. R2
N
Ref.Point
Domain

0.284∗∗∗ (0.025) 0.143∗∗∗ (0.025) 0.357∗∗∗ (0.033)
0.841∗∗∗ (0.015) 0.596∗∗∗ (0.024) 0.944∗∗∗ (0.019)
0.864
0.907
0.851
860
304
550
No/Zero
Beliefs
Beliefs
No/Gains
Gains
Losses

Note: This table presents the estimates of the probability weighting function when parametric estimates
are assumed. Panel 1 presents the maximum likelihood estimates of the equation w(p) = c + s(p) when
truncation at w(p) = 0 and at w(p) = 1 is assumed. Panel 2 presents the non-linear least squares estimation
pψ
of the function w(p) =
1 . The third panel presents the non-linear least squares estimates of the
(pψ +(1−p)ψ ) ψ
γ

δp
parametric form δpγ +(1−p)
γ . The last panel presents the non-linear least squares estimates of the function
α
w(p) = exp (−β(− ln(p)) ). The first column in all the panels presents the estimates when all the data are
used. The second and third columns present the estimations when it is assumed that Beliefs is the reference
point and only data for the domain of gains and the domain of losses, respectively, is used for the estimations.
Robust standard errors in parenthesis. *** denotes significance at the 0.01 level, ** denotes significance at
the 0.05 level, * denotes significance at the 0.1 level.
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Appendix G: Instructions
This is an experiment in the economics of decision-making. The instructions are simple
and if you follow them carefully and make certain decisions, you might earn a considerable
amount of money, which will be paid to you via bank transfer at the end of the experiment.
The amount of money that you earn will depend on your decisions and effort, and partly on
chance. Once the experiment has started, no one is allowed to talk to anybody other than
the experimenter. Anyone who violates this rule will lose his or her right to participate in
this experiment. If you have further questions when reading these instructions please do not
hesitate to raise your hand and formulate the question to the experimenter.
The experiment consists of two parts. Your earnings in part one or part two of the
experiment will be chosen at the end of the experiment and become your final earnings.
Whether the earnings of part one or the earnings of part two will be your final earnings will
be established by roll of a die.

Part one
In this part of the experiment your task is to complete summations. Your earnings in this
part of the experiment depend only on the number of correct summations that you deliver. You
need to complete as many summations as you can in 10 rounds, each round lasts four minutes.
In other words you will have a total of 40 minutes to complete as many summations as you can.
Each summation consists of five-two digit numbers. For example 11+22+33+44+55=?
Once you know the answer to the sum of these five two digit numbers, input the answer in
the interface, Click OK, and a new set of numbers will appear on your screen.
For your better understanding you will face with two examples next.
[Examples displayed]
The previous examples show what you have to do in this part of the experiment. The
only thing left to be explained is to specify how you are going to earn money by completing
the summations.
Piecerate Treatment Payment rule: In this part of the experiment each correct
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summation will add 25 Euro cents to your experimental earnings.
Remember: you have 40 minutes to complete summations, and only correct summations
will count towards your earnings at a rate of 25 euro cents each. If you understood these
instructions Press ”OK”. When everyone is ready we will start with this part of the experiment.
LowPr Treatment Payment rule: In this part of the experiment 1 out of all the 10
rounds will be randomly chosen. The specific round is chosen at random by the computer at
the end of this part of the experiment. This is, once you completed summations in all the 10
rounds, only the correct summations in a randomly chosen round will count towards your
earnings at a rate of 250 euro cents per correct summation.
Remember: you have 40 minutes to complete summations, and only correct summations
in 1 specific round, chosen randomly by the computer at the end of the experiment, will count
towards your earnings at a rate of 250 euro cents each. If you understood these instructions
Press ”OK”. When everyone is ready we will start with this part of the experiment.
MePr Treatment Payment rule: In this part of the experiment 3 out of all the 10
rounds will be randomly chosen. The specific rounds are chosen at randomby the computer
at the end of this part of the experiment. This is, once you completed summations in all the
10 rounds, only the correct summations in that randomly chosen round will count towards
your earnings at a rate of 85 euro cents per correct summation.
Remember: you have 40 minutes to complete summations, and only correct summations in
3 specific rounds, chosen randomly by the computer at the end of the experiment, will count
toward your earnings at a rate of 85 euro cents each. If you understood these instructions
Press ”OK”. When everyone is ready we will start with this part of the experiment.
HiPr Treatment Payment rule: In this part of the experiment 5 out of all the 10
rounds will be randomly chosen. The specific rounds are chosen at random by the computer
at the end of this part of the experiment. This is once you completed summations in all the
10 rounds, only the correct summations in that randomly chosen round will count towards
your earnings at a rate 50 euro cents per correct summation.
Remember: you have 40 minutes to complete summations, and only correct summations in
5 specific rounds, chosen randomly by the computer at the end of the experiment, will count
toward your earnings at a rate of 50 euro cents each. If you understood these instructions
Press ”OK”. When everyone is ready we will start with this part of the experiment.
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Part two
In this part of the experiment your task is to choose among two possible alternatives. Your
earnings on this part of the experiment depend on how good your choices are.Particularly,
you will face with 11 decision sets. In each of these sets you need to choose between the
option L, that delivers a fixed amount of money, and the option R that is a lottery between
two monetary amounts. Each decision set contains six choices.
Be Careful! Every time you make a choice between L and R, the monetary prizes of the
options are going to change and you ought to make a choice again. One of your choices will
be randomly picked by the computer, will be played and its realization will count towards
your earnings for this part of the experiment. You will be faced with one example next.
[Example displayed]
If it is clear what you have to do in this part of the experiment. Press ”OK” to start,
once everyone is ready this part of the experiment will begin.
Survey
• Gender:
• Age:
• What is your education level? (Bachelor, Exchange, Pre-Master, Master, PhD):
• What is the name of your program of studies?
• How difficult did you find the task? (where 1 stands for easy and 5 for Very difficult)
• Rate how confident you are that you can do the task good enough so you can be in the
top half of performers in this group as of now. (1-Not confident, 10- Very confident)
• Are you any good at adding numbers? (1-Not good at all, 10-Very good)
• Are you generally a person who is fully prepared to take risks or do you try to avoid
taking risks?
• Rate yourself from 0 to 10, where 0 means "unwilling to take any risks" and 10 means
"fully prepared to take risks".
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• People can behave differently in different situations. How would you rate your willingness
to take risks while driving? Rate yourself from 0 to 10, where 0 means "unwilling to
take any risks" and 10 means "fully prepared to take risks"
• How would you rate your willingness to take risks in financial matters? Rate yourself
from 0 to 10, where 0 means "unwilling to take any risks" and 10 means "fully prepared
to take risks"
• How would you rate your willingness to take risks with your health? Rate yourself from
0 to 10, where 0 means "unwilling to take any risks" and 10 means "fully prepared to
take risks"
• How would you rate your willingness to take risks in your occupation? Rate yourself
from 0 to 10, where 0 means "unwilling to take any risks" and 10 means "fully prepared
to take risks"
• How would you rate your willingness to take risks in your faith in other people? Rate
yourself from 0 to 10, where 0 means "unwilling to take any risks" and 10 means "fully
prepared to take risks"
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