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ARTICLE INFO ABSTRACT

Keywords: The purpose of this research was to investigate the effectiveness of a probabilistic reward scheme to motivate
Experiment workers and increase their performance. Across seven experiments (three of which are in the online appendices)
Motivation testing three different real effort tasks, we compared two novel probabilistic reward schemes with two traditional
Eerfon;ance non-probabilistic reward schemes. In our flagship “single lottery” probabilistic scheme, worker performance was
I;V:liives associated with the accumulation of lottery tickets in the worker’s own personal lottery with a moderate jackpot
Fairness on offer. It was possible for the worker to accumulate all tickets and thus guarantee the jackpot. We found that
Justice the single lottery scheme increased motivation and performance relative to other probabilistic and non-
Ability probabilistic schemes with the same expected values. There was also evidence that the single lottery scheme

was particularly effective for lower-ability workers relative to the non-probabilistic schemes. We argue that the
single lottery scheme uniquely benefited from optimism bias and the goal gradient effect. Considering percep-
tions of (un)fairness associated with probabilistic reward schemes — at least at first — we discuss what labor
contexts are appropriate for the introduction of a probabilistic reward scheme.

1. Introduction

Understanding worker motivation is fundamental to the success of
organizations (Kanfer & Chen, 2016). This is because the degree of
worker motivation is associated with the quantity and quality of work,
which in turn affects organizational performance (Bonner & Sprinkle,
2002). In line with such importance, labor makes up at least 70% of the
average organizations’ costs (Blinder, 2011).

The most common way for an organization to elicit worker motiva-
tion and performance is through financial compensation in the form of
incentives and rewards. Although we think of “incentives” as financial
compensation agreed to prior to work and “rewards” as financial
compensation given after work, we proceed using the two terms inter-
changeably. According to agency theory (Eisenhardt, 1989), worker
effort begins at zero and increases monotonically with the size of the
compensation offered. Consistent with this prediction, several meta-an-
alyses have confirmed that there is a positive association between
financial compensation and worker performance (Condly et al., 2003;
Garbers & Konradt, 2014; Jenkins et al., 1998; Weibel et al., 2009;

* Corresponding author.
E-mail address: adrian.camilleri@uts.edu.au (A.R. Camilleri).

https://doi.org/10.1016/j.0bhdp.2023.104256

Wiersma, 1992).

There are many kinds of financial compensation. These include
forms of guaranteed compensation (e.g., salary), forms of variable
compensation (e.g., bonuses), and forms of equity compensation (e.g.,
stock options) (Bonner et al., 2000). Of most interest for the current
research is a form of variable compensation that we will refer to as
performance-related pay. A performance-related pay incentive scheme
is one in which at least some of a workers’ financial compensation is
based on their performance. Quite simply, if a worker produces more or
performs better, then they get paid more (Lazear, 2000). Major theories
of motivation such as expectancy theory (Van Eerde & Thierry, 1996;
Vroom, 1964) and agency theory (Eisenhardt, 1989) predict that
performance-related pay should increase worker output compared to
flat wages, which empirical research supports (Cadsby et al., 2007;
Lazear, 2000). It is, therefore, no surprise that the number of organi-
zations using performance-related pay has increased over time (Lemieux
et al., 2009; MacLeod & Parent, 1999; Mercer, 2018; PayScale, 2018).

This paper examines a novel performance-related pay incentive
scheme that is probabilistic in nature. Under our flagship scheme — the
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single lottery probabilistic scheme — worker performance is associated
with the accumulation of lottery tickets in the worker’s own personal
lottery’. Winning the lottery earns a moderate jackpot. Across four main
experiments (and three experiments reported in the online appendices),
conducted both in the lab and online, and using three different tasks, we
compared this single lottery probabilistic incentive scheme with other
probabilistic and non-probabilistic incentive schemes with the same or
very similar expected values. In Experiments 1 and 2, we found that the
single lottery probabilistic incentive scheme produced the greatest
motivation to work and the highest performance. In Experiments 3 and
4, we found two mechanisms driving the superiority of this particular
implementation of a probabilistic reward scheme: optimism bias and the
goal gradient effect. In Supplementary Study 3, we additionally impli-
cated the timing of the risk uncertainty resolution as a contributing
component. In Experiments 1, 2, 4, and Supplementary Study 2, we
found tentative evidence that the single lottery probabilistic incentive
scheme is more effective for low-ability workers. Finally, in Experiments
1 and 4, we found that the single lottery scheme is perceived by some as
unfair but, in Supplementary Study 1, these concerns are ameliorated
over time.

1.1. The effectiveness of probabilistic rewards

Probabilistic rewards are those that have uncertainty associated with
the timing and/or the size of a reward. Probabilistic rewards are
commonplace in a range of contexts. For example, many people engage
in gambling — particularly in the form of lotteries — despite its negative
expected value (Clotfelter et al., 1999). Some organizations and re-
searchers have attempted to capitalize on people’s enjoyment of
gambling to encourage certain behaviors. For example, prize-linked
savings accounts, which offer a chance to win a large prize as a func-
tion of the deposit amount, produce more savings than standard interest
of the same expected value (Filiz-Ozbay et al., 2015; Guillén & Tschoegl,
2002). Probabilistic price promotions, such as a “1% chance it’s free”,
increase the likelihood of and the number of purchases than comparable
fixed price promotions (Lee et al., 2019; Mazar et al., 2017). Lottery
prizes have been shown to increase adherence to medication and home-
monitoring schedules (Kimmel et al., 2016; Kimmel et al., 2012; Sen
et al., 2014; Volpp, Loewenstein, et al., 2008), physical activity (Patel
et al., 2018), gym attendance (van der Swaluw et al., 2018a, 2018b),
recycling (Diamond & Loewy, 1991; Luyben & Cummings, 1981; Maki
et al., 2016), charity donations (Landry et al., 2006), and contributions
to public goods (Corazzini et al., 2010).

Overall, these studies suggest that, in some circumstance, people
enjoy probabilistic rewards and so these kinds of incentives can be
strategically used to influence behavior. However, it is not straightfor-
ward to generalize these findings to performance-related worker pay
due to some key differences. First, in financial and health contexts,
probabilistic rewards are used to encourage people towards behaviors
they are already motivated to perform whereas workers are primarily
motivated by compensation because effort provision is costly. For that
reason, probabilistic rewards are usually designed as a form of variable
compensation on top of some form of guaranteed compensation. Second,
in the financial and consumption contexts, the likelihood of winning the
lottery is independent of the individual whereas in the labor context the
likelihood of winning the lottery is related to the worker’s effort and
level of skill. The presence of effort requirements decreases the appetite
for large uncertain rewards (Kivetz, 2003), underlines the potential for
(un)fairness concerns, and highlights the value of evaluating a proba-
bilistic reward scheme in light of workers’ ability level.

! Note that in all probabilistic reward schemes considered here, the worker is
entered into their own personal lottery and are competing only with chance —
and not other workers — for the reward. We discuss “tournament” style incen-
tive reward schemes in the General Discussion.

In the labor context, there has been much less research on probabi-
listic rewards, and the research that does exist is inconclusive (Haisley,
2008; Miller et al., 2014; Pampino Jr et al., 2004; Wine et al., 2017). One
early study offered a group of workers a lottery ticket contingent on
performance associated with a 10% chance of earning 1, 2, or 5 state
lottery tickets as well as entry into a weekly draw for $150 (Evans et al.,
1988). Those given probabilistic rewards produced significantly more
output than those allocated to an hourly pay system but significantly less
output compared to those receiving a fixed bonus for meeting a specific
target. Another study allocated lottery tickets to workers based on their
relative performance to other workers (Cook & Dixon, 2006). The
highest performer earned 3 tickets, the second-highest performer earned
2 tickets, and the third-highest performer earned 1 ticket. The weekly
draw winner was awarded $50. Compared to baseline, performance was
highest with the lottery reward system. Unfortunately, it is impossible to
draw firm conclusions about the use of probabilistic rewards as a form of
performance-related pay because the existing studies are under-powered
(for example, n = 2 in Wine et al., 2017) and have low internal validity.
For example, the studies do not compare probabilistic rewards with non-
probabilistic rewards of the same expected value (e.g., Evans et al.,
1988), and often combine multiple interventions non-systematically (e.
g., feedback type in Cook & Dixon, 2006). In one of the better studies
that avoided these issues, Haisley (2008) used what we call a “multiple
lottery” scheme in which a new lottery (e.g., 1% chance of winning $10)
was played after each task completion. She found that lottery-linked
incentives did not lead to greater motivation. In sum, it remains un-
clear whether probabilistic rewards are motivating in a labor context
and, if they are, when and why.

1.2. Explanations for the effectiveness of probabilistic rewards

The previous section outlined numerous contexts in which probabi-
listic rewards can be motivating and change people’s behavior, some-
times to a greater degree than non-probabilistic rewards with the same
expected value. From a theoretical standpoint, these findings are
initially puzzling because normative and descriptive theories of risky
choice predict that people are risk-averse for gains and prefer a reward
of a certain magnitude over a reward of an uncertain magnitude (Kah-
neman & Tversky, 1979; Mineka & Hendersen, 1985; Von Neumann &
Morgenstern, 1947). Moreover, some research suggests that people
value an uncertain incentive even less than its lowest payoff (Gneezy
et al., 2006; Simonsohn, 2009), although this effect has been qualified
(Moon & Nelson, 2019; Rydval et al., 2009). In any case, we describe
three explanations for why a probabilistic reward scheme could be
motivating.

First, the uncertainty associated with lotteries increases excitement
(Zuckerman, 2007) and, irrespective of the outcome, it is pleasant to
resolve the uncertainty (Ruan et al., 2018). For example, in one study,
members of a running club were given a reward based on the number of
laps they ran (Shen et al., 2019). After each lap, half the participants
received a certain 5 points whereas the other half received either 5 or 3
points with equal probability. Points were later converted into a gift card
at a local cafe. On average, those allocated to the uncertain reward
scheme ran more laps. Evidently, a probabilistic reward scheme benefits
from both the positive utility of uncertainty resolution as well as the
positive utility of the reward itself. There is even evidence that receiving
unpredictable (vs. predicable) rewards is correlated with activation of
dopamine projection sites in the brain, which may indicate a relatively
higher degree of pleasure (Berns et al., 2001).

Second, people display optimism bias in that they believe that they
are less likely than others to experience negative events and more likely
than others to experience positive events (Helweg-Larsen & Shepperd,
2001). For example, in one study, students rated their likelihood of
experiencing a range of positive events — including liking their post-
graduation job and living past the age of 80 — as significantly more
likely compared to other student’s chances (Weinstein, 1980). Such
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overoptimism has also been found using tasks associated with the
occurrence of aleatory events (Irwin, 1953). For example, Seybert and
Bloomfield (2009) presented participants with a deck of cards contain-
ing a mix of favorable and unfavorable cards. On repeated trials, par-
ticipants had to estimate the probability of a favorable card being drawn
and then bet on that card being drawn. Behavior was consistent with
“wishful betting” such that desirable cards were predicted as more likely
than their relative frequency.

Third, people tend to treat probabilities non-linearly. Prospect the-
ory proposes an inverse S-shaped probability weighting function
implying that relatively small probabilities are overweighted and rela-
tively large probabilities are underweighted (Kahneman & Tversky,
1979). Such a propensity would increase the attractiveness of a lottery
with a small chance of a big reward (although, this could be countered
by a sufficiently concave value function). For example, most people
prefer a 5% chance to win $10,000 over a 100% chance to obtain $500
even though both have the same expected value; this is often termed the
“possibility effect” (Wu & Gonzalez, 1996).

Considering these theories and the literature review, we developed a
general hypothesis that a probabilistic reward scheme would be superior
to a non-probabilistic reward scheme. We sought to evaluate reward
schemes on two dimensions: motivation and performance (Bonner &
Sprinkle, 2002). Motivation includes the worker’s decision of what ac-
tivity to engage in, as well as how long and how intensely to engage in
that activity. Motivation is often measured by absenteeism and task
choice (Kanfer, 1990). Performance includes both work quantity as well
as work quality. Performance is often measured by the number of out-
puts per unit of time as well as the level of workmanship relative to what
is standard or expected.

H1: Probabilistic rewards (vs. non-probabilistic rewards with the
same expected value) will (i) increase motivation to work and (ii) in-
crease work performance.

1.3. Goals

Broadly speaking, a probabilistic rewards scheme can be conceptu-
alized in one of two different ways depending on whether additional
worker output changes the number of lotteries participated in or
changes the probability of winning the lottery. The first way, which we
call the “multiple lottery” probabilistic reward scheme, rewards addi-
tional work by triggering a lottery at specific output thresholds. For
example, for every 10 widgets produced, a worker has a 20% chance of
winning a $100 bonus payment. Consequently, a worker who produces
20 widgets would play two lotteries, each with a 20% chance of winning
$100, which has an expected value of $40 (i.e., $20 for each of the two
lotteries). The second way, which we call the “single lottery” probabi-
listic reward scheme, rewards additional work through the accumula-
tion of tickets in a single, pre-scheduled lottery. For example, for every
10 widgets produced, an additional ticket is earned in a lottery
comprising five total tickets to win a $100 bonus payment. Conse-
quently, a worker who produces 20 widgets would play one lottery with
a 40% chance of winning $100, which has an expected value of $40.
Note that, under the multiple lottery scheme, the chance of winning the
bonus is fixed and additional worker output increases the number of
lotteries the worker participates in whereas, under the single lottery
scheme, participants only play one lottery and additional worker output
increases the probability of winning. Under the second scheme, with
extraordinary performance, it may even be possible to increase the
chance of winning the single lottery to 100%. We believe this difference
is crucial for the optimal design of a probabilistic rewards scheme
because the second scheme better taps into an additional source of
motivation: goals. However, to our knowledge, the second design has
never been tested.

A large literature of research demonstrates that the pursuit of spe-
cific, difficult goals leads to higher performance compared to the pursuit
of non-specific or easy goals (Locke & Latham, 2002). This relation

between goals and performance is strongest when people are committed
to the goal (Klein et al., 1999). According to goal setting theory, finan-
cial incentives are one way in which commitment to difficult goals can
be enhanced (Locke et al., 1988; Wright, 1992). As such, there is a
positive relationship between goal-contingent financial incentives and
performance (Corgnet et al., 2015; Locke & Latham, 1990).

Making progress towards a goal is motivating (Bonezzi et al., 2011;
Huang & Zhang, 2011; Soman & Shi, 2003; Wallace & Etkin, 2018). For
example, consumers are more motivated when they have progressed 2
steps out of the required 10 than O steps out of the required 8, pre-
sumably because the former situation indicates that some progress has
been made to the goal (Nunes & Dreze, 2006). Not only is goal progress
motivating but it is increasingly more motivating as the completion of a
specific goal nears - this is called the goal gradient effect (Hull, 1932).
For example, consumers in a café loyalty reward program tend to pur-
chase more coffee the closer they are to earning a free coffee (Kivetz
et al., 2006). An explanation for the goal gradient effect is that a specific
goal becomes a salient reference point that divides the possible outcome
space into “gain” and “loss” and, reminiscent of prospect theory’s value
function (Kahneman & Tversky, 1979), the value associated with goal
progress is steeper closer to the reference point (Heath et al., 1999).
Consequently, each unit of marginal progress towards the goal is asso-
ciated with increasingly larger amounts of utility.

We argue that the single lottery — compared to the multiple lottery —
probabilistic reward scheme benefits more from goal progress and the
goal gradient effect. To illustrate, consider Table 1 and the details of the
two probabilistic reward scheme examples mentioned earlier. Under
both schemes, the goal is to get the $100 reward. Under the single lottery
scheme, the way to achieve the goal is specific and unequivocal: by
completing 50 widgets, thus accumulating all lottery tickets, thus
guaranteeing a lottery win. Under this scheme, 50 is a strong reference
point, additional worker output corresponds directly with goal progress,
and there is a relatively low amount of uncertainty along the way. In
contrast, under the multiple lottery scheme, the way to achieve the goal
is less specific and equivocal: it is unclear how many widgets need to be
completed to achieve the goal; it could be as little as 10 or perhaps more
than 50. As a result, under this scheme, 10, 20, 30, 40, and 50 are all

Table 1
Hypothetical Potential Outcomes Under Different Reward Schemes and
Performance.

Widgets Outcome
Completed
Probabilistic Reward Schemes Non-Probabilistic
Reward Schemes
Single Lottery Multiple Lottery Piece Lump
Rate Sum
0 1 attempt at 0% 0 attempts at 20% Bonus of Bonus of
chance of $100 chance of $100 $0 $0
10 1 attempt at 20% 1 attempt at 20% Bonus of Bonus of
chance of $100 chance of $100 $20 $0
20 1 attempt at 40% 2 attempts at 20% Bonus of Bonus of
chance of $100 chance of $100 $40 $0
30 1 attempt at 60% 3 attempts at 20% Bonus of Bonus of
chance of $100 chance of $100 $60 $0
40 1 attempt at 80% 4 attempts at 20% Bonus of Bonus of
chance of $100 chance of $100 $80 $0
50 1 attempt at 5 attempts at 20% Bonus of Bonus of
100% chance of chance of $100 $100 $500

$100

Note: The expected value of the bonus is the same for equal levels of perfor-
mance under the Single Lottery, Multiple Lottery, and Piece Rate schemes. For
example, under the Piece Rate scheme, for completing 20 widgets the worker
will get $40. Under the Single Lottery scheme, the worker will play one lottery
with 40% chance of winning $100, i.e., an expected value of $40. Under the
Multiple Lottery scheme, the worker will play two lotteries, each with a 20%
chance of winning $100, i.e., an expected value of $40 ($20 for each of the two
lotteries).
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weak reference points, additional worker output corresponds only
indirectly with goal progress, and there is a relatively high amount of
uncertainty along the way. The multiple lottery scheme is also associ-
ated with repeated opportunities for either satisfaction if the lottery is
won or, more likely, dissatisfaction if the lottery is lost. Repeated failure
to achieve the goal can produce negative emotions and undermine
motivation (O’hora & Maglieri, 2006).

H2: A single lottery (vs. multiple lottery with the same expected
value) probabilistic reward scheme will (i) increase motivation to work
and (ii) increase work performance.

1.4. Ability

A potential boundary condition of the probabilistic reward effect
(H1) is worker ability. A worker’s knowledge, skills, and aptitude — what
we will collectively refer to here as “ability” — has always been at the
center of research aimed at understanding worker motivation and per-
formance (Sackett et al., 2017). This is because research demonstrates
that ability is directly related to performance (Schmidt et al., 1986),
particularly for tasks requiring judgment and decision-making or where
intrinsic motivation is relatively low (Camerer & Hogarth, 1999). There
is, however, a paucity of research investigating how ability and incen-
tive reward schemes interact.

One of the major criticisms of performance-related pay reward
schemes is that they can be demotivating to most workers at the expense
of a few high performers (Kennedy, 1995; Meyer, 1975; Suff et al.,
2007). For example, consider the two popular non-probabilistic reward
schemes displayed in Table 1 — the “piece rate” and “lump sum” schemes
(DellaVigna & Pope, 2018; Zhang & Gao, 2016) — and contrast the
prospects of a low-ability worker and a high-ability worker. The low-
ability worker may be discouraged by both non-probabilistic reward
schemes because their potential bonus is so low compared to that of a
high-ability worker. We argue that a probabilistic reward scheme may
help avoid undermining the motivation of low-ability workers for two
reasons. First, probabilistic reward schemes give low-ability workers the
opportunity to earn the same bonus as high-ability workers. Second,
given that the single lottery scheme determines the lottery outcome only
at the end of the work period, it allows optimism to drive motivation
during the entire period. Therefore, we hypothesized that worker ability
is a moderator of the probabilistic rewards effect (i.e., of H1). It is likely
that this anticipated moderation is driven by perceived worker ability, at
least initially, and that perception likely becomes increasingly more
positively correlated with objective ability as the worker observes their
performance relative to initial expectations and the performance of
other workers.

H3: Probabilistic rewards (vs. non-probabilistic rewards with the
same expected value) will produce (i) higher motivation to work and (ii)
higher work performance for those with relatively low- (vs. high-)
ability.

1.5. Fairness

The anticipated motivating effect of probabilistic rewards may be
undermined by perceptions of (un)fairness. Perceptions of fairness
predict a range of important worker attitudes and behaviors, including
performance (Cohen-Charash & Spector, 2001). Two of the most
important forms of perceived fairness are distributive justice and pro-
cedural justice (Colquitt, 2001): Distributive justice relates to percep-
tions of how fairly outcomes were allocated (Deutsch, 1975) whereas
procedural justice relates to perceptions of how fair the process was that
determined how the outcomes were allocated (Cappelen et al., 2007;
Lind & Tyler, 1988).

One criticism of performance-related pay schemes is that they can
create dissatisfaction if they are perceived to be unfair (Isaac, 2001).
Probabilistic reward schemes may exacerbate this fairness concern. This
is because under a single lottery reward scheme, it is possible for a low-

ability worker who wins the lottery to earn a larger reward than a
higher-ability worker who loses the lottery. Such a result could harm
perceptions of distributive justice because rewards are not entirely based
on innate abilities and working hard, and also not proportional to per-
formance, thus violating equity theory (Walster et al., 1978).

It is less clear whether negative perceptions will extend to procedural
justice. Some have argued that random mechanisms are “the embodi-
ment of fair allocation” (Oberholzer-Gee et al., 1997, p. 89) because
allocation cannot be based on favoritism or personal characteristics.
Nevertheless, surveys comparing the fairest ways to allocate scarce re-
sources find that people judge random procedures to be unfair (Raux
et al., 2009; Savage & Torgler, 2010). However, other surveys have
revealed that the use of lotteries to allocate scarce resources is consid-
ered fairer when those entered into the lottery are first pre-screened for
merit (Brickman et al., 1981).

H4: Probabilistic rewards (vs. non-probabilistic rewards with the
same expected value) will be perceived as less fair, particularly in terms
of distributive justice.

1.6. Overview of studies

In what follows, we report four experiments. In Experiment 1, using
an incentive-compatible real effort task requiring participants to quickly
move sliders, we demonstrate that work performance is higher under a
single lottery (SL) scheme than a multiple lottery scheme, piece rate
scheme, and lump sum scheme. In Experiment 2, using an incentive-
compatible real effort task requiring participants to quickly solve math
puzzles, we replicate the effect and extend it to a pure motivation
measure. In Experiment 3, we demonstrate that the SL scheme benefits
from optimism bias. In Experiment 4, we explore to what extent the
superiority of the SL scheme is driven by the fact that it is possible to
guarantee the reward. In Experiments 1, 2, and 4 we also explore to what
extent the superiority of the SL scheme is affected by the relative skill of
the workers. In Experiments 1 and 4, we also explore perceptions of
reward scheme fairness and effectiveness.

In addition to the four main experiments, we also report three
additional lab experiments in the Online Appendices. In Supplementary
Study 1, we investigate how SL scheme perceptions of unfairness
diminish once workers recognize that there is a strong positive corre-
lation between performance and rewards after multiple periods. In
Supplementary Study 2, we again investigate the importance of ability
as a moderator this time using a more valid measure of ability. In Sup-
plementary Study 3, using an incentive-compatible real effort task
requiring participants to quickly count letters in a sentence, we examine
the extent to which the SL (vs. ML) scheme is superior due to it resolving
the uncertainty only at the end of the period.

2. Experiment 1

The purpose of Experiment 1 was to test H1ii, H2ii, and H3ii. To do
this, we asked each participant to complete a real-effort task under
different incentive schemes where bonus amounts and performance
targets were varied. We also asked some follow-up questions to begin
our exploration of participants’ perceptions of the different schemes and
thus test H4.

2.1. Methods

The experiment was carried out at a laboratory for conducting eco-
nomic experiments in a major university in England. The 115 partici-
pants (44% male) were recruited from the student database based on
availability and budget. Each participant received a show-up fee of GBP
£3.00.

An overview of the procedure is presented in Fig. 1. The study
comprised of a real effort task followed by a questionnaire. The real
effort task was the “slider task” used by Gill and Prowse (2012), which
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Fig. 1. An Overview of the Procedure Used in Experiment 1.

was selected because it is relatively straight-forward to perform without
training. In the slider task, the participant was presented with a screen
consisting of seven sliders. Each slider had a handle that could occupy
the range of possible positions between 0 and 100. The participant’s task
was to move the handle of as many sliders as possible to the midpoint
position (i.e., 50) in 120 seconds. The initial position of each handle was
at 0. Once each handle on the screen had been moved to the midpoint of
its respective slider, a button appeared that allowed the participant to
proceed to the next screen where the next set of seven sliders appeared.
This continued until all sliders were completed or time ran out.

In the first phase of the slider task, which we refer to as the Practice
Round, the participant was presented with a total of 42 sliders. This
phase was not incentivized and allowed the participant to become
familiar with the task. In the second phase, which we refer to as the
Baseline Round, the participant was presented with a total of 42 possible
sliders across six screens. This phase, which provided our measure of
natural ability, was incentivized with a flat rate of GBP £0.1 per slider
competed. The third phase, which we refer to as the Treatment Rounds,
was the same as the Baseline Round except that it occurred four times —
each time under a different bonus incentive scheme. For each of these
Treatment Rounds, the participant was allocated a new 120 seconds.
The order of the incentive scheme was random. Note that the bonus
incentive was paid in addition to the GBP £0.1 piece rate. The four
different bonus incentive schemes were:

e Lump Sum (LS): If 28 sliders are completed, earn a bonus of GBP
£27.00.

e Piece Rate (PR): For every 7 sliders completed, earn a bonus of GBP
£2.50, with a maximum bonus of GBP £10.

e Single Lottery (SL): For every 7 sliders completed, accrue an addi-
tional 25% chance of winning a lottery worth GBP £10.

e Multiple Lottery (ML): For every 7 sliders completed, play a lottery
with a 25% chance to win a bonus of GBP £10 with a maximum of
four lottery attempts. The lottery was played immediately upon
completing 7 sliders. The countdown paused while the lottery was
carried out.

Note that the expected value for the piece rate, single lottery, and
multiple lottery incentive schemes was identical. We attempted to also
match the expected value of the lump sum scheme by setting the bonus
amount considering the performance observed in the original Gill and
Prowse (2011) data.

In the follow-up questionnaire, we measured the participant’s
perceived difficulty to earn the bonus (1 = “Extremely easy”; 7 =
“Extremely difficult”), perceived fairness of the bonus scheme (1 =
“Extremely unfair”; 7 = “Extremely fair”), strength of preference for
each bonus scheme if playing an additional round (1 = “Extremely
weak”; 7 = “Extremely strong”), and perceived effectiveness of each
bonus scheme if the participant was a manager tasked with motivating
employees (1 = “Ineffective”; 7 = “Effective”). In addition, we measured
the participant’s cognitive reflection tendency (Frederick, 2005), risk
attitude (Dohmen et al., 2011), psychological discount rate (Kirby &
Marakovic, 1996), and demographics. At the end of the experiment, the
participant was thanked and paid with their show-up fee, their earnings
from the Baseline Round, and their earnings during one randomly

selected Treatment Round. The average time to complete the experiment
was approximately 40 minutes.

2.2. Results

In the Practice Round, participants completed a mean of 14.4 sliders.
In the Baseline Round, participants completed a mean of 19.5 sliders,
which was significantly more than in the Practice Round (p < 0.001).
When the bonus schemes were introduced, the mean number of sliders
completed successively increased further to a ceiling level.? Therefore,
to better evaluate the effect of the different incentive schemes, we
restricted our analysis to the first scheme encountered by each partici-
pant during the Treatment Rounds. This effectively converted our design
and analysis approach from within-subjects to between-subjects. How-
ever, for the purposes of completeness, we provide analysis using all
rounds in Appendix A.

Fig. 2 displays the mean number of sliders completed under the
different incentive schemes. To compare the schemes, we used OLS
regression where the dependent variable was the number of slider tasks
completed under the first scheme encountered by each participant
during the Treatment Rounds and the independent variables were in-
dicator variables for each of the various schemes. Using the estimates of
the scheme coefficients from the regression, we constructed scheme
differences in mean performance (see Table 2). Supporting H1ii, we
found that the participants completed 6.3 and 9.5 more slider tasks in
the SL scheme relative to the PR and LS schemes, respectively. By
contrast, the ML scheme produced only 1.5 and 4.6 more slider com-
pletions compared to the PR and LS schemes, respectively. Supporting
H2ii, participants in SL scheme completed more tasks than those in the
ML scheme. In the Heterogenous Effects Across Ability section, we discuss
the impact of ability. Further, in the Fairness and Effectiveness Perceptions
section, we discuss fairness perceptions and preference for a reward
scheme. The other measures (e.g., cognitive reflection, risk attitude,
demographic factors) were exploratory and we do not present results
related to them.

2.3. Discussion

The results of Experiment 1 support our primary hypothesis that a
probabilistic reward scheme can be more motivating than a non-
probabilistic reward scheme with the same expected value. Specif-
ically, participants completed significantly more tasks when their
performance-based bonus was contingent on a lottery than when the
bonus was more certain. Our follow-up analyses revealed that the
incentive scheme that was primarily driving this effect was the single
lottery scheme. Under this scheme, participants’ performance was

2 The mean number of slider completions was 32.1 for LS, 30.9 for PR, 31.8
for SL, and 31.0 for ML across the Treatment Rounds. None of the differences
were statistically significant. We believe this is a ceiling effect given that the
average number of correct completions was greater than the set performance
targets. Furthermore, we find systematic evidence of learning over time: be-
tween first two blocks of the third phase (28.1 vs 31.1, p-value < 0.01, t-test)
and second and third blocks of the third phase (31.1 vs 32.9, p-value < 0.01, t-
test).
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Fig. 2. Average Number of Tasks Completed During Baseline Round and the First Treatment Round Split by Incentive Scheme in Experiment 1 Error bars represent
95% confidence intervals.

Table 2
Motivation and Performance Results from Experiment 1, Experiment 2, and Experiment 4.

Differences Experiment 1 Experiment 2 Experiment 4
Performance Motivation Performance Motivation Performance
Diff. p-val. Diff. p-val Diff. p-val. Diff. p-val. Diff. p-val.
SL vs PR 6.3 0.000* 0.18 0.000* 0.19 0.000* 0.07 0.010* 0.07 0.006*
SL vs LS 9.5 0.000* 0.12 0.007* 0.11 0.038
SL vs ML 4.8 0.006* 0.09 0.034 0.12 0.020
SLvsSL +U 0.08 0.012* 0.08 0.004*
ML vs PR 1.5 0.404 0.09 0.079 0.07 0.167
ML vs LS 4.6 0.009* 0.03 0.542 —-0.01 0.825
SL + U vs PR —0.00 0.946 —0.01 0.769

LS = Lump sum, PR = Piece Rate, SL = Single lottery, ML = Multiple lottery, SL + U = Single lottery + Uncertainty. Mean differences are based on regression co-
efficients estimates for schemes. For Experiment 1, the value for mean difference indicates the difference in number of sliders completed between the relevant groups.
For example, the mean difference of 6.3 between SL and PR implies 6.3 more sliders were completed under the SL scheme relative to PR scheme. For Experiment 2 and
4, the value for mean difference implies the difference in probability of choosing (or correctly completing) the task across the relevant group. For example, the mean
difference of 0.18 in motivation between SL and PR implies there was an 18% higher chance of participants choosing to do that math task under the SL scheme relative
to the PR scheme. p-values are obtained from post-hoc tests on regression estimates. * denotes that the p-value is statistically significant after Bonferroni-Holm
correction for multiple hypothesis testing. Five hypotheses were tested in Experiment 1 and 2. Two hypotheses were tested in Experiment 4.
highest when additional work moved them closer to accumulating all 3.1. Methods
tickets in their own private lottery.

The experiment was carried out online. The 251 participants (39%

3. Experiment 2

The purpose of Experiment 2 was to examine the efficacy of the
probabilistic incentive schemes in a different labor market context. In
this experiment, we moved to a more cognitive real-effort task. One
reason for this change is that different types of jobs are often associated
with specific types of incentive schemes (MacLeod & Parent, 1999).
Moreover, research suggests that the effectiveness of an incentive can
vary depending on the type of work (Bonner & Sprinkle, 2002; Garbers
& Konradt, 2014). Therefore, the real-effort task employed in this
experiment was cognitive in nature. The new task also allowed us to
distinguish between motivation and performance, and thus test both
elements of H1, H2, and H3.

male; Mage = 33.2 years) were recruited from Amazon’s Mechanical
Turk (AMT). The sample size was chosen based on an expected medium-
to-large effect size, 90% power, and alpha of 0.05, which yielded a
minimum group size of 50.% Each participant received a show-up fee of
US$3.63.

3 The effect size of comparisons of the SL scheme to the other schemes in
Experiment 1 was large (Cohen’s d = 1.48, 0.99, 0.71 for SL vs. LS, SL vs. PR,
and SL vs. ML, respectively). Another way of calculating the required sample
size would have been to use a framework that considers the repeated nature of
the data. Our sample size of 250 participants, each making 30 decisions (cor-
relation of 0.9 within decisions) would be able to detect a medium effect with
0.92 probability under this framework.
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The study comprised of a real effort task followed by a questionnaire.
The real effort task was the “math task” used by Goswami and Urminsky
(2017). The math task contained 30 rounds. The number of rounds was
not disclosed to participants. At the beginning of each round, the
participant was asked to decide what to do during that round: to work on
a math task for 30-seconds or to watch a funny advertisement video for
30-seconds. The decision to attempt the math task was our operalization
of motivation. The math task itself consisted of searching a 3 x 4 grid
containing twelve numbers and correctly selecting the unique two
number combination that summed to 10 (see Appendix B). The number
of math tasks completed was our operalization of performance.

The participant could earn additional money depending on their
performance and the incentive reward scheme they were allocated to.
The different schemes were:

e Control (C): No additional incentives are available.

e Lump sum (LS): If 24 math tasks are completed, earn a bonus of
$1.04.

e Piece Rate (PR): For every 3 math tasks completed, earn a bonus of
$0.02*, with a maximum bonus of $0.16.

e Single Lottery (SL): For every 3 math tasks completed, accrue an
additional 12.5% chance of winning a lottery worth $0.16.

e Multiple Lottery (ML): For each 3 math tasks completed, play a
lottery with a 12.5% chance to win a bonus of $0.16 with a maximum
of eight lottery attempts. The lottery was played immediately upon
completing 3 math tasks.

As in Experiment 1, the expected value for the piece rate, single
lottery, and multiple lottery incentive schemes were identical. We also
attempted to match the expected value of the lump sum scheme by
setting the bonus amount based on the performance of workers in the
control condition, which was completed first. In our calculations, we
assumed that the introduction of a bonus would increase performance by
15%. Using the extrapolated performance, we found that the expected
pay-off from the piece rate, single lottery, and multiple lottery would be
$2.1 and the number of people in the lump sum scheme that would be
eligible for the bonus to be 2, leading to a bonus amount of $1.05 for
each, which was reduced to $1.04 to ensure that the bonus amount in
the Lump sum scheme was exactly 6.5 times that of the piece rate, single
lottery, and multiple lottery incentive schemes.

In the follow-up questionnaire, we measured the participant’s risk
preference (Dohmen et al., 2011), numeracy (Cokely et al., 2012),
cognitive reflection tendency (Frederick, 2005; Primi et al., 2016), and
demographics. Given the mathematical nature of the task, participant’s
score on the dynamic version of the Berlin Numeracy Test, which ranged
between 1 and 4, was the basis of our ability variable. At the end of the
experiment, the participant was thanked and then paid with their show-
up fee and their bonus earnings. The average time to complete the
experiment was approximately 35 minutes.

3.2. Results

With respect to motivation, averaging across groups and rounds,
participants attempted the math task 76.4% of the time. However, as
shown in Fig. 3, motivation depended on the incentive scheme. To
analyze these data, we used a random-effects Probit regression (random
intercepts) to account for multiple observations per participant. The
dependent variable was the attempt of math task (0 = No and 1 = Yes)
and the independent variables were the different incentive schemes. In
Table 2, we present the estimated means at the margin for each group
and a post-estimation test examining mean differences across groups.
Supporting H1i, those incentivized under the SL scheme were more

4 The bonus amounts were selected after conducting pilot studies to avoid
ceiling and floor effects.

likely to attempt the math task than those in the PR and LS schemes.
However, those in the ML scheme were no more likely to attempt the
math task than those in the PR and LS schemes. Supporting H2i, those
incentivized under the SL scheme were more likely to attempt the math
task than those in the ML scheme.

With respect to performance, averaging across groups and rounds,
participants completed 12.5 out of 30 math tasks, which corresponds
approximately to a 42% completion rate. To analyze these data, we used
a panel regression framework described above, where task completion
was the dependent variable (0 = Not completed and 1 = Completed) and
the independent variables were the different incentive schemes. Table 2
presents the mean differences across groups. We again observed similar
patterns. Supporting H1ii, performance under the SL scheme was su-
perior to that of the PR and LS schemes. However, the ML scheme did not
produce better performance relative to the PR and LS schemes. Sup-
porting H2ii, those incentivized with the SL scheme completed more
math tasks than those with the ML scheme. We discuss the effects of
ability in the Heterogenous Effects Across Ability section.

3.3. Discussion

The results of Experiment 2 provide further support for the relative
superiority of a probabilistic rewards scheme. In a more cognitive task
relative to that used in Experiment 1, we found that participants
attempted and successfully completed more tasks when the
performance-based pay was contingent on a single lottery. Under this
scheme, both participants’ motivation and performance were the high-
est and significantly better than that in the other schemes, including the
multiple lottery reward scheme. In the following two experiments, we
attempted to better understand the causal mechanisms underlying the
probabilistic incentive schemes, particularly the superiority of the single
lottery scheme.

4. Experiment 3

The purpose of pre-registered Experiment 3 was to shed light on a
potential mechanism driving the effectiveness of probabilistic reward
schemes. According to our theorizing, probabilistic reward schemes
benefit from optimism bias; that is, the tendency to believe that one has a
better chance of good outcomes than is objectively true. In the context of
the single lottery probabilistic reward scheme, this optimism bias could
manifest at a group level as higher expected rates of winning the bonus
than is statistically possible. For example, those who expect to complete
12 math tasks have a 50% chance of earning the bonus and a 50%
chance of earning no bonus. An optimism bias would be apparent if
more than 50% of those who expect to complete 12 math tasks believe
they will win the lottery and earn the bonus. To test this aspect of the
theoretical mechanism, we explained either the piece rate or single
lottery reward scheme to participants and then asked about their ex-
pectations prior to beginning the task.

4.1. Methods

The experiment was carried out online. The 263 participants (62.6%
male; M, = 40.5 years) were recruited from AMT. Each participant
who completed the study received US$1.26.

The study used the same real effort task as in Experiment 2 followed
by a questionnaire. Participants were randomly allocated to one of two
bonus reward schemes: (1) Piece rate (PR) where, for every 3 math tasks
completed, a bonus of $0.02 was earned, with a maximum bonus of
$0.16; and (2) Single Lottery (SL) where, for every 3 math tasks
completed, an additional 12.5% chance of winning a lottery worth $0.16
was accrued. Following our pre-registration plan, we oversampled the
SL group because of our intention to explore its interaction with ability.

After the instructions and comprehension questions, participants
were asked three questions about their expectations. First, we asked
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Fig. 3. (A) Proportion Choosing to Complete the Math Task and (B) Proportion Completing the Math Task Split by Round and Incentive Scheme in Experiment 2.

about their expected number of math task attempts (ranging between
0 and 30). Second, we asked about their expected number of math task
completions (ranging between 0 and their expected number of math task
attempts). Finally, we asked about their expected bonus amount. For
those in the PR group, this final question was redundant considering
their response to the second question and, indeed, the only available
option presented on screen was the bonus amount that would be
received considering the expected number of math task completions (e.
g., for 3-to-5 expected task completions, $0.02 was the only option
available). For those in the SL group, this final question was presented as
a binary choice between $0.00 (i.e., losing the lottery and earning no
bonus) and $0.16 (i.e., winning the lottery and earning the maximum
bonus). After completing the expectation questions, the participants
were told that they did not need to complete the task and could move to
the next part of the study. The follow-up questionnaire was the same as
that used in Experiment 2. The average time to complete the experiment
was approximately 10 minutes.

4.2. Results

The average expected number of tasks attempted and completed was
10.6 and 9.3, respectively (see Fig. 4 for the data split by reward
scheme). Following our pre-registered analysis plan, we conducted two
t-tests, which revealed no significant differences between reward
scheme in expected number of tasks attempted (p = 0.844) or completed
(p = 0.911).

Next, we turned to the degree of optimism (or pessimism) exhibited
by participants in the SL group. In Fig. 5, the x-axis reports the objective
chance of winning the lottery based on the participant’s expected
number of task completions. The y-axis reports the participant’s ex-
pected chance of winning the bonus based on the participant’s expected
bonus payment. Note that participants could only indicate $0 or $0.16 as
the bonus they would receive. These responses are represented by the
black dots along the 0% and 100% chance of winning horizontal lines.
Following our pre-registered analysis plan, we generated an “optimism
score” for each participant in two steps. First, we ran a Probit regression
where the expected bonus ($0 or $0.16) was the dependent variable. The
independent variable was the objective probability of winning the bonus
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Fig. 4. Expected Motivation and Performance in Experiment 3. Note: Shared area represents violin plots.

based on the participant’s expected number of task completions. We
excluded individuals who indicated that their expected number of task
completions would be less than 3 (corresponding to a 100% chance of $0
bonus) or more than 23 (corresponding to a 100% chance of $0.16

bonus). The predicted value of winning the lottery from the regressions
is depicted by the bold line. Second, the optimism score for each
participant was generated by taking their predicted value less the
objective probability of winning the bonus based on their expected
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two lines is the measure of optimism bias.

number of task completions. To test whether there was an optimism
bias, we conducted a t-test to examine whether the mean optimism score
was different from zero. The mean optimism score was 0.40 and was
statistically significant (p < 0.001), which means that participants were,
on average, expecting to win the lottery with 40.2% higher chance than
the objective probability.

To examine whether the optimism bias varied across expected per-
formance, we ran an OLS regression where the dependent variable was
the optimism bias, and the independent variable was expected perfor-
mance. Our regression estimate (reported in Table 3) showed a negative
and statistically significant relation between optimism bias and expected
performance (p < 0.001): for every 1 unit increase in expected perfor-
mance, optimism bias reduced by 3.2 percentage points.

Table 3
Summary of Expected Attempts, Expected Completions, and Optimism in
Experiment 3.

Expected Motivation Expected Performance Optimism
@ 2 3 @ 5)
SL 0.647 3.434 0.740 1.958
(0.531) (3.344) (0.490) (3.087)
Ability 1.516 1.332 —-0.016
(0.980) (0.905) (0.014)
SL*Ability —1.240 —0.834
(1.168) (1.078)
Constant 8.814%** 6.447* 7.287%%* 5.911* 0.445%%*
(1.553) (2.761) (1.432) (2.548) (0.040)
Observations 263 263 263 263 101
R-squared 0.006 0.010 0.009 0.011 0.014

SL = Single lottery. Coefficient estimates from Probit regressions. Standard er-
rors are in parenthesis. DV = Expected number of math task attempts in columns
(1) and (2), expected number of math task completions in columns (3) and (4),
and optimism in column (5). Regressions control assignment into SL or PR
(columns 1-4). In addition, ability and its interaction with incentive schemes are
controlled for in columns 2, 4, and 5. Ability was measured based on responses to
the Berlin Numeracy Task. *** p < 0.001, ** p < 0.01, * p < 0.05.

4.3. Discussion

The results of Experiment 3 support the hypothesis that part of the
reason for the superiority of the single lottery reward scheme is opti-
mism bias. Even though participants understood, based on their ex-
pected performance, the objective probability of winning the bonus,
they systematically believed they were much more likely to win the
lottery. To take the starkest example, one of the comprehension ques-
tions required participants to correctly indicate before progressing that
“If you have correctly completed a total of 3 cognitive tasks, you will
have a 12.5% chance of winning the $0.16 bonus payment”. However,
mere seconds later, 21 out of the 25 participants (84%) who expected to
complete a total of 3 cognitive tasks indicated that they expected to win
the bonus. The optimism bias was prevalent in our data, particularly for
those expecting below average performance.

Although we believe that all probabilistic reward schemes initially
benefit from the optimism bias, we argue that the single lottery reward
scheme benefits the most. This is because the single lottery scheme is
associated with just one lottery at the end of the reward period. As a
result, workers can generate motivation from their optimism and,
crucially, maintain that optimism-driven motivation for the entire
period. By contrast, the multiple lottery scheme is associated with
repeated lotteries. As a result, many workers will quickly face the reality
of losing a lottery. For example, in Experiment 2, by design, 87.5% of
participants in the multiple lottery probabilistic reward scheme group
who completed 3 math tasks lost their first lottery. Research in the
domain of experience- versus description-based risky choices suggests
that, over time, the impact of experience overwhelms the impact of
descriptions on choice (Weiss-Cohen et al., 2016). In our structure, the
multiple lottery scheme is a type of experience-based choice because
participants get repeated feedback from the lottery draws. Optimism is
unlikely to thrive in the context of repeated losses.

In order to pursue this line of thinking, we ran a pre-registered study
with 313 participants recruited from AMT comparing the SL scheme to
the ML scheme as well as a version of the ML scheme where the earned
lotteries were stockpiled and played back-to-back near the end of the
study. By using this design those under this revised ML scheme — what
we call the ML “end”, or ML-E, scheme — were free to maintain their
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optimism for the entire period, similar to those under the SL scheme. To
increase the generalizability of our findings, we used a new letter
counting cognitive task (see Rosaz & Villeval, 2012). Replicating the
findings of Experiments 1 and 2, motivation was significantly higher for
those under the SL scheme than those under the ML scheme. Motivation
for those under the ML-E scheme was somewhere in the middle of the SL
and ML schemes. Details can be found in Appendix E: Supplementary
Study 3. These findings lend support to the idea that one of the attributes
driving the superiority of the SL scheme is that the risk uncertainty
resolution occurs at the end of the period. As a result, workers can
maintain their optimism and not be discouraged by losing the lottery.

5. Experiment 4

The purpose of pre-registered Experiment 4 was to shed light on
another mechanism driving the effectiveness of the single lottery prob-
abilistic reward scheme. According to our theorizing, the single lottery
scheme uniquely benefits from goal progress and the goal gradient effect
since it is possible to obtain all lottery tickets and guarantee reaching the
goal. This potential to eliminate the uncertainty — which is absent from
the multiple lottery probabilistic reward scheme - is critical because,
without it, the motivational link between actions (completing work; in
this case, solving math puzzles) and outcomes (monetary reward) is
weakened. To test this aspect of the theorized mechanism, we compared
two single lottery schemes in which superior performance either could
or could not guarantee the lottery win. In addition, to address H4, we
asked questions pertaining the perceptions of the schemes.

5.1. Methods

The experiment was carried out online. The 340 participants (39%
male; Mg = 19.4 years) were recruited from a university student sub-
ject pool. Each participant received course credit for completing the
study as well as a bonus payment continent on their decisions and
probabilistic outcomes during the study.

The study used the same real effort task as in Experiment 2 followed
by a questionnaire. Participants were randomly allocated to one of three
bonus reward schemes: (1) Piece rate (PR) where, for every 3 math tasks
completed, a bonus of $0.04 was earned, with a maximum bonus of
$0.32; (2) Single Lottery (SL) where, for every 3 math tasks completed,
an additional 12.5% chance of winning a lottery worth $0.32 was
accrued; and (3) Single Lottery - Uncertainty (SL + U) where, for every 3
math tasks completed, an additional 5% chance of winning a lottery
worth $0.80 was accrued. Note that the maximum possible chance of
winning for those in the SL group versus SL + U group was 100% versus
40%, respectively. Note also that the lottery bonus for those in the SL
group versus SL + U group was $0.32 versus $0.80, respectively. As a
result, the expected value between schemes was equal. Given the
different sample, we doubled the incentives compared to Experiment 2
based on pilot data and a goal to avoid ceiling effects. Following our pre-
registration plan, we oversampled the PR and SL groups because of our
intention to examine their interaction with ability.

The follow-up questionnaire was the same as that used in Experiment
2 with the addition of several fairness questions similar to those used in
Experiment 1. In particular, we measured the participant’s perceived
difficulty to earn the bonus (1 = “Extremely easy”; 7 = “Extremely
difficult”), perceived effectiveness their bonus scheme if the participant
was a manager tasked with motivating employees (1 = “Ineffective”; 7 =
“Effective”), perceived distributive justice (“How fair was the bonus you
received considering the amount of effort that you put into your work?”;
1 = “Extremely unfair”; 7 = “Extremely fair”), and perceived procedural
justice (“How fair was the procedure used to determine your bonus?”; 1
= “Extremely unfair”; 7 = “Extremely fair”). On the next page, since the
participants were familiar only with the scheme they had been allocated
to, we explained the differences between the PR and SL schemes. We
then asked which scheme the participant thought would more often lead

other participants in the study to choose the math task. Finally, we asked
which scheme the participant would use if they were a manager tasked
with motivating both low-ability and high-ability workers. The average
time to complete the experiment was approximately 43 minutes.

5.2. Results

With respect to motivation, averaging across groups and rounds,
participants chose to attempt math task 77.3% of the time. However, as
shown in Fig. 6, motivation varied across schemes. To analyze these
data, as per our pre-registered analysis plan, we used a random-effects
panel regression (probit link function, random intercept) to account
for multiple observations per participant. The dependent variable was
the choice to attempt the math task (0 = No and 1 = Yes) and the in-
dependent variables were the different incentive schemes. In Table 2, we
present the estimated mean differences across groups. Supporting H1i,
we found that those in the SL scheme were significantly more likely to
choose the math task than in the PR scheme. More important for the
purposes of this experiment, the attempt of math task was higher for
those incentivized under the SL scheme than those in the SL + U scheme.

With respect to performance, averaging across groups and rounds,
participants completed 12.75 out of 30 math tasks, which corresponds
approximately to a 42.5% completion rate. To analyze these data, we
used a regression framework where task completion was the dependent
variable (0 = Not completed and 1 = Completed) and the independent
variables were the different incentive schemes. Table 2 presents the
mean differences across groups. Supporting H1ii, the completion rate
under the SL scheme was significantly higher than that under the PR
scheme. In addition, the completion rate under the SL scheme was
significantly higher than under the SL + U scheme. We discuss the ef-
fects of ability in the Heterogenous Effects Across Ability section and the
perceptions of fairness in the Fairness and Effectiveness Perceptions
section.

5.3. Discussion

The results of Experiment 4 support the hypothesis that part of the
reason for the superiority of the single lottery reward scheme is its po-
tential to eliminate uncertainty. Research suggests that certain outcomes
are perceived as categorically different and weighted more heavily than
uncertain outcomes (Kahneman & Tversky, 1979). By completing 24
math tasks, those in the single lottery reward scheme were guaranteed a
reward. Therefore, 24 was a strong reference point. For these partici-
pants, each completed math task produced increasingly more utility as
this strong reference point was approached. In contrast, by completing
24 math tasks, those in the single lottery-uncertain reward scheme were
guaranteed only a 40% chance of a reward. For them, 24 was a relatively
weaker reference point.

6. Heterogeneous effects across ability

In this section, we investigated whether the ability of participants
heterogeneously affected their motivation and performance across
schemes in Experiments 1, 2, and 4. In Experiment 1, ability was
measured by performance (number of sliders completed) in the Baseline
round. In Experiments 2 and 4, ability was measured by performance in
the Berlin Numeracy task. In Experiment 2, 32.1% of our AMT sample
scored 1, 34.9% scored 2, 17.1% scored 3, and 15.9% scored 4. In
Experiment 4, 29.0% of our student sample scored 1, 37.3% scored 2,
19.8% scored 3, and 13.9% scored 4.

To analyze the heterogeneous impact of ability on motivation and
performance across schemes, we utilized similar regression frameworks
described in the experiment report sections to generate mean group
differences. For Experiment 1, the dependent variable was the number of
slider tasks completed in the first scheme encountered and the inde-
pendent variables were the schemes and their interaction with the
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Fig. 6. (A) Proportion Choosing to Complete the Math Task and (B) Proportion of Completing the Math Task Split by Round and Incentive Scheme in Experiment 4.

ability. For Experiments 2 and 4, the dependent variables were either
choice to attempt the math task (0 = No and 1 = Yes) or correct
completion of the math task (0 = No and 1 = Yes). The independent
variables were reward scheme and its interaction with ability. In each
regression, we limited the sample to participants in the PR scheme and
one of the probabilistic reward schemes.

Table 4

The results are reported in Table 4. In Experiment 1, we observed
that ability had a positive and significant effect on performance in the
ML and PR schemes, but not in the SL scheme. However, the interactions
were not significant indicating that neither the SL nor ML scheme pro-
duced higher performance for those with relatively lower (vs. higher)
ability. In Experiment 2, we again found that ability had a significant

Heterogenous Effect of Ability on Motivation and Performance in Experiments 1, 2, and 4.

Experiment 1

Experiment 2 Experiment 4

Performance Motivation Performance Motivation Performance
Effect of ability in SL scheme 0.452 —0.010 0.048 0.033 0.066%**
Effect of ability in ML scheme 1.170%** 0.101%* 0.092%**
Effect of ability in PR scheme 0.831%** 0.831%** 0.070* 0.080% 0.129%%* 0.126%** 0.036 0.033
Additional impact of ability in the SL schemes —0.380 —0.080 —0.081 —0.003
Additional impact of ability in the ML schemes 0.343 0.021 —0.034 0.032

PR = Piece Rate, SL = Single lottery, ML = Multiple lottery. Average marginal effects of ability for each subsample based on random effects Probit regression is

presented. In all regression specifications, sample from two schemes (either ML or
coefficient of the interaction term in the regressions. *** p < 0.001, ** p < 0.01, * p

SL vs. PR) was utilized. The additional impact presents the marginal effect of
< 0.05.
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positive effect on the choice to attempt as well as complete math tasks in
the PR and ML schemes, but not the SL scheme. However, we again
found no significant interaction between ability and the probabilistic
scheme. Finally, in Experiment 4, we found no significant effect on the
choice to attempt as well as complete math tasks in the PR scheme. By
contrast, we did find a significant positive effect of ability on correct
completions (but not choice of attempt) in the SL scheme. In sum, these
results show that the effect of ability is less pronounced in the SL scheme
relative to the PR scheme. However, the additional impact of ability was
never statistically different across the PR and the probabilistic schemes.

Given the mixed findings for worker ability as a moderator of the
main effect, we ran a new pre-registered study with 323 participants.
The impetus of this study was recognition that the measure of ability
used in Experiments 2 and 4 (i.e., performance on the Berlin Numeracy
test) may only be tangentially related to the focal task of these experi-
ments (i.e., quickly adding numbers together). Therefore, in this new
study, we measured ability using a task nearly identical to the focal task,
and did so more than 1 week before the focal task. We reasoned that this
would be a stronger test of the worker ability boundary effect hypoth-
esis. Once again, the evidence was somewhat inconclusive. In sum, our
pre-registered analysis plan yielded no significant differences; however,
we did see a significant interaction between reward scheme and worker
ability in exploratory analyses. These exploratory analyses involved
focusing on just the second half of the rounds (presumably the period
during which lower ability workers came to more accurately perceive
their objectively low ability level) while other exploratory analyses
involved treating ability as a binary rather than continuous variable. See
Appendix D: Supplementary Study 2 for details.

Finally, to get a clearer picture of the impact of ability, we conducted
a single paper meta-analysis of Experiments 1, 2, 4 and Supplementary
Study 2 following the protocol set by McShane and Bockenholt (2017).
For the motivation analysis, we used data from Experiments 2, 4, and
Supplementary Study 2. For the performance analysis, we used data
from Experiments 1, 2, 4, and Supplementary Study 2. The omission of
Experiment 1 from the motivation analysis was due to the nature of the
outcome of the task used, which cannot be broken down into motivation
and performance components. In our judgement, the dependent variable
observed in Experiment 1 (the correct completion slider-tasks) aligned
better with our definition of performance in the subsequent studies. In
all our analysis, we restricted ourselves to the PR and the SL schemes.

For the motivation analysis, the task used across the studies was the
same (i.e., 30 rounds of the math task) and generated a total of 18,960
observations. The dependent variable was the choice to complete the
math task (0 vs. 1) and the two independent variables were the bonus
scheme (PR vs. SL), ability (high vs. low), and the interaction term. For
the performance analysis (n = 19,019), the correct completion of the
math task was used as the dependent variable for the math-task based
studies. In addition, for Experiment 1, the number of completed slider
task was the measure of performance.

Across studies, ability was measured differently. For Experiments 2
and 4, a participant was classified as high ability if they scored greater
than 2 (out of 4) in the Berlin Numeracy Task. Based on this classifica-
tion, ~34% of the participants in each of Experiment 2 and 4, were
classified as having high ability. Supplementary Study 2 was a two-stage
study. In the first stage, participants were asked to correctly complete as
many math tasks as possible in 10 minutes. The performance in the first
stage was used as a continuous measure of ability. A similar strategy was
utilized in Experiment 1. For our purposes, we conducted median splits
of performance across participants in these experiments and classified
anyone who performed better than the median as high ability (~48%
and 56% of the sample for Supplementary Study 2 and Experiment 1,
respectively).

Using the data, we generated five contrasts: (i) effect of high-ability
under the PR scheme, (ii) effect of high-ability under the SL scheme, (iii)
effect of SL (vs. PR) treatment on high-ability participants (iv) effect of
SL (vs. PR) treatment on low-ability participants, and (v) the additional

effect of high-ability under the SL scheme relative to the PR scheme (i.e.,
interaction effect). Table 5 reports the results. First, high (vs. low) ability
participants showed 16.4%-point more motivation and 50.8%-point
higher performance under the PR scheme. By contrast, under the SL
scheme, high (vs. low) ability participants were not statistically more
motivated nor demonstrated higher performance. Second, for low ability
workers, the SL (vs. PR) scheme was more motivating and generated
higher performance. By contrast, for high-ability workers, the bonus
scheme did not impact motivation. Note that both these findings are
consistent with our H3 hypothesis regarding worker ability. Finally, the
additional impact of the SL (vs. PR) scheme between high-ability and
low-ability workers (i.e., the interaction effect) was negative. The point-
estimate of —0.114 and —0.193, suggest the impact of ability on moti-
vation (performance) was 11.4 (19.3) %-point higher under the PR
scheme than under the SL scheme. However, these estimates were
imprecise and did not reach statistical significance. Taken together, the
conclusion we can make is that the SL scheme is better at motivating and
generating higher performances relative to the PR scheme for low-
ability workers.

7. Fairness and effectiveness perceptions

In two of the experiments, we asked participants about perceived
fairness and effectiveness of the various schemes that they participated
in. In Experiment 1, participants were asked to indicate how fair and
how effective the four different schemes they experienced were. In
Experiment 4, participants were asked to indicate the fairness of the
bonus they received relative to their effort (distributional justice), the
process by which the bonus was determined (procedural justice), and
the effectiveness the reward scheme. Participants in Experiment 4 were
also provided with a description of the scheme they had not directly
participated in and asked (i) to indicate which scheme was better at
motivating math task attempts and (ii) to choose between the SL and PR
scheme to motivate low-skilled and high-skilled workers.

7.1. Fairness perceptions

In terms of perceived fairness, as shown in Table 6, participants in
Experiment 1 judged the PR scheme to be fairer than the SL and ML
schemes. The LS scheme was also judged to be fairer than the ML
scheme. Participants in Experiment 4 judged the PR scheme to have
higher distributional and procedural fairness than the SL scheme. In
sum, and in support of H4, we found clear evidence for the probabilistic
schemes to be perceived as less fair than the non-probabilistic schemes.
Notably, of the two probabilistic schemes, the SL scheme was judged as

Table 5
Single Paper Meta-Analysis Results of Incentive Scheme and Ability on Moti-
vation and Performance.

Motivation Performance
Diff. p- Diff. p-
value value
@™ 2) ®3) @
Effect of high-ability (vs. low) under PR 0.164 0.008 0.508 0.006
scheme
Effect of high-ability (vs. low) under SL 0.050 0.303 0.315 0.085
scheme
Effect of SL (vs. PR) scheme on high- 0.031 0.522 0.186 0.307
ability participants
Effect of SL (vs. PR) scheme on low- 0.145 0.003 0.379 0.039
ability participants
Additional effect of high-ability under the ~ —0.114  0.098 —0.193  0.456

SL scheme relative to the PR scheme (i.
e., interaction effect)

PR = Piece Rate; SL = Single lottery. Difference estimates (columns 1 and 3) and
p-values (columns 2 and 4) are generated using the procedure outlined in
McShane & Bockenholt (2017).
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Table 6

Summary of Post-Experiment Questionnaire on Fairness and Effectiveness in Experiments 1 and 4.

Fairness

Effectiveness

Experiment 1

Experiment 4

Experiment 1 Experiment 4

Distributive

Procedural

Panel A: Mean Values
SL 4.59 3.14
ML 3.67

PR 5.22 3.78
LS 4.87

Panel B: Difference Across Schemes
SL vs. PR

SL vs. LS

SL vs. ML

ML vs. PR

ML vs. LS

0.64%*

3.95 4.85 4.10

0.50* 0.29

LS = Lump sum, PR = Piece Rate, SL = Single lottery, ML = Multiple lottery. Panel A presents mean values of fairness (out of 7) and effectiveness (out of 7). Panel B
presents differences between incentive schemes where *** p < 0.001, ** p < 0.01, * p < 0.05 based on t-tests.

fairer.

To further investigate fairness perceptions, we asked 267 new par-
ticipants to evaluate procedural and distributional justice after seeing
the performance and bonus outcomes of a (simulated) company using
the SL scheme after 1 month and after 1 year. We reasoned that par-
ticipants in Experiments 1 and 4 were overly focused on the outcomes of
the SL scheme after one period (and, hence, one lottery) and might
change their opinion over time when multiple lotteries had been con-
ducted. This is because under the SL scheme the correlation between
performance and bonus increases with each additional lottery. Consis-
tent with our pre-registered hypothesis, fairness perceptions of the SL
scheme were significantly better when reflecting on the performance
and bonuses of workers in the company after 1 year (i.e., 12 lotteries
played) than 1 month (i.e., 1 lottery played). See Appendix C: Supple-
mentary Study 1 for details.

7.2. Effectiveness perceptions

In terms of perceived effectiveness, as shown in Table 6, participants
in Experiment 1 evaluated the LS scheme as more effective than the SL
and ML schemes. They also evaluated the PR scheme to be more effective
than the ML scheme. Participants in both Experiments 1 and 4 found the
PR and SL schemes to be equally effective. In sum, we found mixed
evidence for the perceived effectiveness of the various probabilistic and
non-probabilistic schemes. Notably, of the two probabilistic schemes,
the SL scheme was evaluated as more effective.

In terms of inclination towards using the different schemes, as shown
in Table 7, participants believed the PR (vs. SL) scheme was better at
motivating others in the study. When asked to assess the PR and the SL
scheme from a manager’s perspective, participants leaned toward the PR
scheme for low-ability workers and were indifferent between schemes
for high-ability workers. In sum, we found evidence suggesting that
participants believed the PR scheme would be preferred, particularly for
low-ability workers.

8. General Discussion

The main research question addressed in this work was whether a
probabilistic reward scheme could increase worker motivation and
performance compared to a more traditional, non-probabilistic reward
scheme. Our research suggests that the answer is yes — but it depends
critically on the type of probabilistic scheme. Across three different tasks
varying in cognitive complexity, participants displayed higher motiva-
tion and produced more output when they were incentivized with a
unique type of probabilistic reward scheme — where the association
between performance and reward was uncertain — than when rewards
were allocated with certainty after a pre-specified level of performance.

Table 7
Participant’s Beliefs about Motivation Produced by SL and PR Schemes in
Experiment 4.

N Overall Choice of Scheme as Manager for
Motivation
Low-ability High-ability p-
Workers Workers value®
Full 339 42.5%%* 39.6%** 48.7 0.05
Sample
PR Group 120 42.5 48.3 44.2 0.60
SL Group 122 451 34.7%** 50.8 0.04
SL+U 97 39.2*% 35.5%* 51.6 0.05
Group
p-value® 0.68 0.05 0.47

PR = Piece Rate, SL = Single lottery, SL + U = Single lottery + uncertainty. Each
number represents the proportion of participants in that sample that believed

the SL scheme was better at motivating others than the PR scheme. *** p <
0.001, ** p < 0.01, * p < 0.05 based on two-sided binomial test examining the
hypothesis that the proportion of participants choosing SL scheme is 0.5. p-
value. ? based on a two-sided t-test to investigate differences in choices of par-
ticipants for low-ability and high-ability workers. ® based on a two-sided y? test
to investigate differences in choices of participants from the three different sub-
samples.

These observations complement findings from finance (Filiz-Ozbay
et al., 2015), marketing (Mazar et al., 2017), pro-sociality (Diamond &
Loewy, 1991), and health (Volpp, John, et al., 2008) domains indicating
that probabilistic rewards, when designed effectively, can predictably
influence behavior.

Importantly, it turns out that not all probabilistic rewards schemes
are equal. We contrasted two types of probabilistic rewards scheme: one
in which additional performance increased the number of lotteries the
worker participated in (the “multiple lottery” scheme) with one in which
additional performance increased the probability of winning a one-off
lottery at the end of the work period (the “single lottery” scheme).
Our research revealed that the single lottery probabilistic scheme pro-
duced the most motivation and the best performance. This finding is
consistent with past research that found no benefit of the multiple lot-
tery scheme compared to traditional schemes (Haisley, 2008).

8.1. Theoretical implications

Overall, these results challenge the assumption of theories which
assert that people are averse to uncertainty (Gneezy et al., 2006). In fact,
there are several reasons why a probabilistic reward scheme is moti-
vating. We found support for the idea that many people are optimistic
about their chances of winning (Helweg-Larsen & Shepperd, 2001).
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Such optimism is reinforced by people’s tendency to overweight small,
described probabilities (Kahneman & Tversky, 1979). Indeed, we found
that the greatest degree of optimism was displayed by those with rela-
tively lower chances of winning. This optimism bias is likely to help
overcome the “starting problem”, which refers to the difficulty in getting
started on a difficult goal (Heath et al., 1999). Optimism is such a
powerful tendency that we speculate that even if a worker does not win
the probabilistic reward, they can easily maintain the belief that they
will win the next period. Such a belief is likely to be reinforced by the
gambler’s fallacy (Clotfelter & Cook, 1993): the observation of a
colleague winning the bonus may all but guarantee in the worker’s mind
that they will win the next lottery because it is “their turn”.

Although we focused on a reward program implemented during a
single work period (i.e., in which the single lottery was played just
once), the actual implementation of this scheme would repeat across
periods (e.g., each new month). Over repeated periods, a probabilistic
reward scheme is likely to benefit from learning according to the prin-
ciples of operant conditioning (Ferster & Skinner, 1957). Of particular
interest is the schedule of reinforcement, which refers to the rule by
which instances of behavior are reinforced or punished. Similar to a
probabilistic reward scheme, a variable-ratio schedule is one in which a
reward is given after an average number of actions have been made;
however, the specific action upon which the reward is provided is un-
certain. Classic work has shown that variable-ratio, compared to other
schedules, produce higher rates of action in both animals and humans
(Pritchard et al., 1976; Zuriff, 1970).

The difference in observed behavior between the two probabilistic
reward schemes is perhaps the most theoretically insightful contribu-
tion. In Table 8, we outline the different features of the schemes we
examined. The single lottery scheme, which was superior to the multiple
lottery scheme, possesses four unique features that we believe explain its
superiority.

1. Reference point: The single lottery scheme creates a strong reference
point in terms of the performance required to collect all the lottery
tickets, which is within reach of at least the high-ability workers
(Heath et al., 1999). As a result, this scheme benefits from motivation
derived from goal progress (e.g., Nunes & Dreze, 2006) and capi-
talizes on the goal-gradient effect: the additional motivation people
are willing to expend to close the gap between a goal and just missing
the goal (Kivetz et al., 2006). By contrast, the multiple lottery scheme
creates multiple weak reference points related to the performance
required to trigger the next lottery.

2. Risk reduction: The single lottery scheme creates a goal-pursuit
framework wherein additional work reduces the uncertainty. By
contrast, the multiple lottery scheme simply provides another
attempt at the same lottery. Indeed, under the multiple lottery

scheme, increased performance is associated increasing variance in
potential rewards.

3. Risk elimination: The single lottery scheme that we implemented
allowed participants to achieve certainty if the goal was attained.
Much research points to the additional value that people accrue to
certainty compared to even slightly-less-than-certain outcomes
(Kahneman & Tversky, 1979). By contrast, even high-ability workers
can end up with nothing under the multiple lottery scheme. By
permitting the possibility of a guaranteed reward under the single
lottery scheme (by accumulating all lottery tickets), this scheme
combines the best features of probabilistic and non-probabilistic
rewards schemes: The probabilistic element allows motivation to
be derived from optimism and excitement and the non-probabilistic
element allows motivation to be derived from the certain and very
fair link between performance and reward. The possibility of cer-
tainty under the single lottery scheme may even decrease worker
stress, which can undermine motivation and performance (Cadsby
et al., 2007).

4. Risk resolution timing: The single lottery scheme resolves the risk
uncertainty at the end of the period whereas the multiple lottery
scheme resolves the risk uncertainty during the period. As a result,
only those under the single lottery scheme can benefit from optimism
for the entire duration of the task. By contrast, those under the
multiple lottery are likely to have their motivation undermined by
the experience of losing a lottery.

We acknowledge that our instantiation of the multiple lottery
scheme resulted in frequent experiences of losing the lottery. This was
done in order to equate the lottery win amount under the single lottery
and multiple lottery schemes. However, experiencing frequent losses is
not a core feature of the ML scheme. An alternative ML scheme could
make winning the lottery the more common experience. However, in
order to equate expected values, the lottery amount under the single
lottery scheme would need to increase. We leave this titration act be-
tween win percentage and win amount to future work.

We had hypothesized that probabilistic schemes would have most
beneficial impact on low-ability workers who are likely to produce less
than the median across all workers. This is because traditional non-
probabilistic reward schemes typically benefit high-ability workers
and can undermine the motivation of low-ability workers because of
their inability to realistically obtain the bonus. Consistent with this
analysis, a recent study examining the effect of changing an organiza-
tion’s incentive schemed away from performance-related pay towards
higher fixed pay found a drop in productivity for high-ability workers
(Bun & Huberts, 2018). By contrast, probabilistic schemes - in partic-
ular, the single lottery scheme — provide low-ability workers with a
realistic opportunity to obtain a reward just as large as high-ability
workers, albeit with a smaller likelihood. Consistent with this

Table 8
Attributes of the Different Incentive Schemes.
Attribute Description Scheme
Piece Lump Multiple Multiple Lottery Single Lottery Single
Rate sum Lottery (End) (Uncertainty) Lottery
Ascendance The expected value of the reward increases per unit of v x v v v v
performance
Reference There is a strong reference point that can naturally become  x v x x v v
Point a performance goal
Risk It is possible to receive a reward less than the expected x x v v v v
value
Risk Reduction 1t is possible to reduce the risk uncertainty through higher =~ N/A N/A x x v v
performance
Risk It is possible to entirely eliminate the risk uncertainty N/A N/A x x x v
Elimination through high performance
Risk The risk uncertainty is resolved at the end of the period N/A N/A x v v v

Resolution
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theorizing, we found that those expecting relatively low performance
displayed the strongest optimism bias under the single lottery scheme.
Averaging across all our studies, it was the low ability workers who were
most affected by the single lottery scheme.

8.2. Practical implications

Our results have important implications for how managers design
incentive reward schemes. One implication is that managers should be
cautious when relying on their own intuition regarding the best incen-
tive scheme. This is because we observed that participants most strongly
preferred the lump sum scheme and believed it to be the most effective.
However, this belief was in spite of the fact that the lump sum system
was objectively the least effective reward system of the four trialed in
Experiment 1. There was also some evidence that the piece rate scheme
was perceived to be at least as, if not more, effective than the single
lottery scheme despite our results suggesting the reverse to be true.

We believe it is important to emphasize that it may be quite foolish
for a manager to change their existing non-probabilistic bonus scheme to
a probabilistic one. The backlash is likely to be swift and powerful, as
was experienced by United Airlines in 2018 after they announced a plan
to replace automatic modest bonuses for all with a lottery to win large
prizes for just a few (Cancialosi, 2018). Within a few days of the
announcement, United Airlines scrapped the plans.

This backlash can be better understood considering the fairness
perceptions that we observed. On average, probabilistic schemes were
considered less fair than non-probabilistic schemes. Compared to a piece
rate scheme, the single lottery scheme was perceived to be a less fair
process for distributing rewards and produced less fair bonus allocations
(Cappelen et al., 2007; Deutsch, 1975; Lind & Tyler, 1988). Importantly,
we found that the perceived unfairness of probabilistic reward schemes
dissipated as people recognized the strong positive correlation between
performance and bonus in the long run. Future research could investi-
gate additional ways to ameliorate fairness concerns. One idea is to in-
crease transparency. Research has revealed that providing workers with
information about their relative performance increases their motivation
(Cadsby et al., 2019; Hannan et al., 2008), and this effect is stronger
when the relative performance information is communicated publicly
versus privately (Hannan et al., 2012; Tafkov, 2012).

Our managerial recommendation is not to replace or restructure an
existing reward scheme with a probabilistic one because such a change
would likely be perceived — as exemplified by United Airlines employees
— as a loss. After all, an employees’ paycheck would suddenly become
uncertain. Rather, a probabilistic reward scheme may be a strong
candidate for any manager planning to introduce a contingent reward
scheme for the first time. Such a scheme should not threaten current
financial incentives but, instead, be “layered” on top as bonus
compensation. According to the theoretical analysis by Wiseman and
Gomez-Mejia (1998), such a layering approach is unlikely to be
perceived as a threat to perceived wealth.

An important consideration for a manager is the type of work that is
being incentivized, which is likely to interact with the effectiveness of
the incentive structure (Bonner et al., 2000). In general, pay-for-
performance and, thus, any associated probabilistic reward scheme, is
most appropriate when employee output is independent, easy to divide
into sub-goals, and both cheap and easy to measure objectively (Brown,
1990). Examples of such work contexts include arts (e.g., photographer),
clerical (e.g., typist), computing (e.g., technician), design (e.g.,
tattooist), logistics (e.g., courier), manufacturing (e.g., sewing
machinist), retail (e.g., car salesperson), and transport (e.g., taxi driver).
As work becomes more cognitively complex and reliant on intrinsic
motivation, a probabilistic reward scheme is less likely to improve
performance and so we would not recommend it (Cerasoli et al., 2014).
Examples of such work contexts include business management (e.g.,
management consultant), construction (e.g., construction manager),
education (e.g., teacher), engineering (e.g., mechanical engineer),

financial services (e.g., economist), healthcare (e.g., nurse), hospitality
(e.g., hotel manager), legal services (e.g., lawyer), performing arts (e.g.
actor), and science (e.g., chemist).

8.3. Limitations and future directions

Our research was limited to contexts in which the individual was
evaluated only in light of a pre-specified performance target and
participated in their own personal lottery for a relatively small indi-
vidual reward in a controlled lab study. Although we relied on a con-
venience sample, participants recruited from Amazon’s Mechanical
Turk are on the platform to earn money in exchange for carrying out
tasks, so the labor context we studied is quit apt. It would be worthwhile
to examine how well probabilistic rewards motivate in the context of a
team-based scheme — where probabilistic rewards were tied to a team,
rather than individual, performance — and what conditions were optimal
(e.g., size and gender composition of the team; equitably vs. equally
distributed rewards; Garbers & Konradt, 2014). It would be also inter-
esting to examine how probabilistic rewards motivate in the context of a
tournament-based scheme — where probabilistic rewards were tied to
relative, rather than absolute, performance — and what conditions were
optimal (e.g., tournament size, prize structure, handicapping; Connelly
et al.,, 2014). Given that extrinsic rewards can undermine intrinsic
motivation, another interesting future direction is to investigate to what
extent probabilistic rewards motivate when part or all of the lottery
rewards are donated to a cause the individual cares about. Finally, it
would be valuable to discover what organizational design elements
complement the usage of a probabilistic reward scheme (e.g., decen-
tralization of decision making; Hong et al., 2019) as well as explore the
consequences of probabilistic rewards on broader values and behavior
(Hur et al., 2021).

In this paper, we focused on the individual difference variable of
ability. Another potentially important individual difference variable is
financial resources. On the one hand, those with considerable financial
resources may be more open to a probabilistic reward scheme because
the outcome is financially inconsequential, which is consistent with the
observation of higher risk taking in high-income, high-wealth house-
holds (Fang et al., 2021). On the other hand, those with few financial
resources may be more open to a probabilistic reward scheme because of
a strong hope or even need to win the lottery, which is consistent with
problem gambling behavior (Castrén et al., 2018).

Future research could also examine how tight the link between
performance and probabilistic reward needs to be. In our study, there
was a relatively strong positive correlation. However, some recent high-
profile examples have implemented much weaker correlations. For
example, in 2022, the fast-food chain Raising Cane’s bought US
$200,000 worth of lottery tickets on behalf of its 50,000 employees with
the promise that a lottery win would be shared equally between all
employees (Patil, 2022). Understanding to what extent this kind of
probabilistic reward, which is not linked to an individual worker’s
performance, affects motivation in the short and long-term and for what
reasons is a worthwhile future research question.

8.4. Conclusion

In today’s tight job market, it is becoming increasingly challenging to
attract, retain, and motivate employees. The current research indicates
that the introduction of a probabilistic reward scheme — one in which
each worker accumulates lottery tickets in their own personal lottery to
win a moderate bonus - is perhaps one way to help address the problem.
For managers looking to motivate and retain their employees, a single
lottery probabilistic reward scheme may be worth the gamble.
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