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Abstract

Information is often acquired within organizations that generate earnings for
employees and stakeholders. In this paper we analyze the causal effects of inequality
on information acquisition performance and vary the pay of agents relative to the
earnings of passive stakeholders. Our experimental results reveal that disadvantageous

inequality does not have a negative effect on agents’ performance.
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1 Introduction

Weitzman (1979) motivates his classical paper on optimal search with an example of the research
and development process of a large organization. The organization’s researchers consider new
production technologies and can sequentially develop them to resolve uncertainty about the rewards
they deliver. The risks and rewards of these technologies differ, and only one technology can be
used for production. Weitzman then derives the optimal sequence of developing production

technologies for an individual decision-maker under a range of conditions.

As in Weitzman’s example, research is usually conducted within the social settings of organizations
and not by individuals in isolation. In this paper, we ask how the earnings generated for
stakeholders affect the agents’ choices in information acquisition. This question is highly relevant,
for example, to venture capitalists who set up contracts with entrepreneurs or to business owners
who need to incentivize employees in research and development. Does higher performance pay for
agents improve outcomes per se? Or do owners need to consider agents’ pay alongside their own

earnings?

We study information acquisition under controlled laboratory conditions that allow us to
systematically vary the pay structure and observe the quality of decision making. We build on a
sequential search task as studied by Weitzman (1979) in which decision-makers can explore
different options with known risks and rewards. This task has a straightforward optimal decision
sequence, which allows us to compare the performance of all subjects to the same objective

benchmark.

Behavior in the task by Weitzman (1979) has already been studied experimentally by Slonim
(1994) and Gabaix et al. (2006). Both papers only consider individual choices made in isolation.
Slonim (1994) focuses on experience and on the method to elicit choices. He argues that the
cognitive effort associated with identifying the optimal search path may decrease with experience.
In fact, he finds that behavior gets closer to the optimal path when the tasks are played repeatedly.
Gabaix et al. (2006) propose the directed cognition algorithm based on myopic cost-benefit
calculations as a boundedly rational model for information acquisition behavior. They find that the
directed cognition algorithm predicts aggregate information acquisition patterns quite well.

Whether the path suggested by directed cognition differs from the optimal path depends on the



parameterization of the tasks. When both paths diverge, they find that directed cognition does a

better job of matching laboratory evidence.

To our knowledge, no study has considered information acquisition performance in social settings.
In laboratory settings, where total payoffs of agents are not transparent, a preferences for merit-
based pay has been observed (Fochmann et al., 2019), yet when pay inequality is exogenously
imposed it has a detrimental effect on the quality of work (Greiner et al., 2011; Bracha et al., 2015).
Also, in field experiments, a negative effect on job satisfaction (Card et al., 2012) and job
performance has been observed (Cohn et al., 2014; Breza et al., 2018). In a recent field experiment,
Cullen & Perez-Truglia (2021) not only consider horizontal pay inequality but also the differences
in pay between workers and their managers. In their experiment the authors vary the information
workers receive. They observe that workers who learn that peers earn more than they thought, exert
less effort as measured by the number of emails sent, the working hours and generated sales. Yet,

when they find out that their managers earn more, these workers exert more effort.*

In our experimental analysis, we employ the same parameterization as Gabaix et al. (2006) but
create a setting, in which a stakeholder benefits from the agent’s effort.? Thus, we study a sequential
search problem without discounting and with different binary outcomes with known probabilities.
An agent and a passive stakeholder are paid based on the decisions made by the agent. The agent
enters choices which can be observed (but not influenced) by the stakeholder. Note that this
approach avoids any uncertainty about inequality in effort costs simply because the stakeholder
does not exert any effort. We abstract away from principal-agent interaction or free-riding within
groups. Instead, we always consider a setting in which incentives are perfectly aligned. However,
we exogenously vary absolute and relative pay levels of the agent and the stakeholder focusing on

disadvantageous inequality.

! There are also a number of non-experimental studies that correlate pay dispersion with performance across different
tasks (see Pfeffer, 2007; Shaw, 2014; and Downes & Choi, 2014, for general overviews). With respect to research and
innovation pay dispersion appears to have a detrimental effect (see Pfeffer & Langton, 1993, Yanadori & Cui, 2013,
Wang et al., 2015 and Amore & Failla, 2020).

2 Gabaix et al. (2006) also conduct a second experiment that studies a more-complex choice problem in which the

optimal path cannot be determined analytically. We only consider the parameters of their first experiment.



2 Experimental design

We focus on the sequential search problem presented by Weitzman (1979) and adopt the notation
by Gabaix et al. (2006) in the following. Within a particular task, an agent has to choose between
three projects i. Each project has a known probability pi of generating a known payoff Vi, if the
respective project is successful and zero otherwise. For a payment of ci, the agent can acquire
information about project i and learns whether it was successful. Once the agent has decided to stop
exploring, she can pick the highest-paying project and earns the respective payoff minus total
search costs. The agent can only select projects where she already learned about the success or
failure. Optimally, the risk-neutral agent would always explore projects based on the index Zi. For
projects with unknown payoffs, the index is calculated as:

Zi= (piVi-ci)/pi. 1)

The index is equal to V; for a successful project and O for a failed project. If the project with the
highest value Zi has an unknown outcome, the agent would acquire information about it. If the
project has a known outcome, she would pick this project and stop exploring. Note that the index
implies that if two projects have the same expected net gain, the one with the smaller probability
of success will be selected — low-probability, high-payoff projects should be investigated first,

because they will end the search.

Gabaix et al. (2006) also propose an alternative way of selecting the sequence of projects as a
boundedly rational model for actual choice behavior. They propose the “directed cognition
algorithm”, which suggests that people explore projects in the sequence of decreasing expected

gains
Gi = pi(Vi-S)-ci (2)

where Sis the value of the best currently known winning project. If the highest gain is provided by
a project with known outcome, the algorithm stops, and this project is selected. Based on this
heuristic, agents maximize expected gains myopically and choose as if each choice was the last to
be made.



Subjects in all treatments of the experiment acquire information about their projects in ten tasks.
The tasks are ordered randomly, subjects face each task only once and one of the tasks is randomly
selected for payment at the end of the experiment. We use the same parameterization as Gabaix et
al. (2006), so that in five of the tasks the sequence of optimal choices diverges from the directed
cognition sequence (tasks A to E). In the other five, the two coincide (tasks F to J). See Online

Appendix A for the parameters of all ten tasks, an example and a screenshot.

Subjects face the tasks A to J in pairs. The first subject acts as the decision-making agent entering
the decisions. She is matched to a second subject who witnesses project characteristics, choices and
outcomes and acts as the stakeholder. This player is neutrally introduced as “Participant 2”. Both
subjects cannot communicate but they know that the choices of the agent affect the payoffs of both.
See Online Appendix B for the instructions. The experiment was implemented via z-Tree
(Fischbacher, 2007).

Table 1: Experimental treatments

Pay differentials

Treatment Agent Stakeholder N
LOW 0=0.7 0=07 72
HIGH 0=13 0=13 72

UNEQUAL 0=07 0=13 72

We ran three experimental treatments that systematically vary the pay within pairs of subjects, as
shown in Table 1.2 The treatments are designed to disentangle self-interested and inequality averse
motivations in search. In the LOW and the HIGH treatment, both the agent and the stakeholder
earn the same (equal) prize Vk where K is the project selected in one randomly chosen round.
However, we vary the stakes both can earn. Either both receive 30% less than the nominal payoff
(0 = 0.7) or both receive a bonus of 30% (6 = 1.3). In the UNEQUAL treatment, we create

3 We also ran a control treatment (5 = 1) not reported here, replicating the first experiment in Gabaix et al. (2006). In
this treatment, agents made choices individually and not within pairs. For example, we observe very similar frequencies
of subjects choosing optimally in their first moves: 34% in tasks A to E of both experiments and 82% in tasks F to J of

our experiment, compared to 74% in Gabaix et al. (2006).



disadvantageous inequality from the agent’s point of view: Her stakeholder receives a bonus of
30% on top of her payoff Vjk (6 = 1.3), while she earns 30% less (6 = 0.7).*

Upon entering the laboratory, subjects drew a ball from an urn which assigned them to a cubicle.
This way subjects were also randomly assigned to a treatment and a role. In each session we ran
all three treatments in order to eliminate potential session effects. The distribution of female and
male agents was balanced across treatments by using two different urns. Only for one subject we
had to deviate from this procedure because of several no-shows in one session. Thus, we have an
equal number of male and female agents in treatments LOW and UNEQUAL and 47% female
participants in HIGH. After taking a seat in their cubicle, the subjects read the experimental
instructions. Questions about the instructions were answered in private. Before the actual series of
search tasks started, subjects participated in a test of understanding. In this test, they made choices
in one exemplary search task, which was not payoff relevant. After making their choices, they had

to calculate possible payoffs from this task themselves (which all were able to do).

The actual series of payoff-relevant search tasks was followed by a preference elicitation task and
a brief questionnaire.® Earnings were converted from experimental currency units (ECU) to Euro.
One ECU was worth Euro 1.50 to subjects. Then subjects were paid in private based on the random
draws and the decisions they made in the search task and the preference elicitation task. Finally,
they left the laboratory individually. Note that all stakeholders were seated in closed sound-proof
cubicles while agents were seated in open cubicles. Stakeholders only left their cubicles once all
agents were paid. The experiment was conducted at the Essen Laboratory for Experimental
Economics (elfe) in Germany. We implemented a between-subjects design, so each participant only
participated in one treatment. In total, 216 student subjects took part in our experiment. They earned
Euro 18.92 on average from a session that lasted approximately 90 minutes.

4 We chose this parameterization to create a realistic representation of pay differentials and a salient unfairness at the
same time. In our experiment, those earning less receive 35 percent of the total pay. In standard ultimatum games using
typical stakes, for example, offers in the range between 30 and 40 percent of the pie have been found to be rejected 30
percent of the time by List & Cherry (2000) and 42 percent of the time by Slonim & Roth (1998).

5> The estimates of risk aversion and loss aversion we obtained using this particular task may be confounded by

probability weighting (Kahneman & Tversky, 1979) or a diminishing sensitivity to zero (e.g. Erev et al., 2008).



3 Hypothesis

We assume that, with increasing cognitive effort, people improve their choices and are more likely
to follow the optimal path, i.e., to choose projects in decreasing order of Z; (cf. Slonim, 1994). We
assume that agents form rational expectations about the additional pay from exerting additional
effort and from identifying a path with higher-expected payoff. In other words, we assume that

there is an unobserved search cost (in addition to c) in identifying the optimal path.®

We follow Breza et al. (2018) in adapting the framework by DellaVigna et al. (2016) and assume
that morale effects can influence the choice of effort and thereby performance (see Online
Appendix C for details). A purely self-interested agent is not influenced by morale effects and will
increase her effort if pay increases. She will not be influenced by the size of stakeholder pay. Thus,
a wage increase results in a higher optimal effort choice. This suggests more optimal decisions in
HIGH than in LOW and UNEQUAL, as effort is increasing in one’s own pay.

An agent averse to disadvantageous inequality, as modeled by Fehr & Schmidt (1999), will be
influenced by moral effects. She will also exert more effort when her pay increases. However, an
increase in the stakeholder’s pay will reduce the agent’s effort. This relationship is described by

our main hypothesis:

Hypothesis: An increase of the stakeholder’s pay leads to a lower propensity to acquire

information optimally.

® This approach follows Bolton & Faure-Grimaud (2009) in that we assume that people deal optimally with their
cognitive limitations (but see also the discussion by Conlisk, 1996, and Lipman, 1991, 1999, on the infinite regress
problem). It differs from their approach in that we assume people to correctly anticipate the costs and benefits of
exerting additional effort. Our approach is also similar to the papers on search behavior by Caplin et al. (2011) and
Reutskaja et al. (2011) in that we treat search as a real-effort task in as much as we cannot control for the subjects’
effort costs. We also take a reduced-form approach: We only consider the resulting payoffs of the dynamic decision
task and do not model each individual decision, i.e., each step of the decision path within a task. Such an analysis could
consider further behavioral drivers such as coherence effects that have been observed to influence information search
(see, e.g., Mischkowski et al., 2021).



This suggests fewer optimal decisions in UNEQUAL than in LOW due to the agent’s disutility
from being paid less than the stakeholder.

4 Results

In the following, we first treat performance as a binary variable indicating whether an agent
followed the optimal decision sequence. We calculate the optimal decision sequence for each task
separately by considering a subject’s previous choices within a task. Also note that for the analyses
presented here, we consider the optimal path to be the optimal path under risk neutrality and, thus,
to be the same for all participants. This way our results can be readily compared to the analyses of
Gabaix et al. (2006). Also, from a management perspective, the normative prediction under risk-
neutrality is arguably the more informative benchmark.

In addition, we judge performance based on the opportunity costs incurred in expectation to account
for payoff differences across tasks. For this purpose, we calculate the expected payoff of an agent’s
strategy based on the observed choices and under the assumption that all unobserved choices would
have been made optimally (conditional on observed choices and outcomes). We then subtract it
from the expected payoff of the optimal decision sequence. Note that we do not apply the payoff

differentials ¢ for this calculation to keep the variation in pay exogenous (cf. Online Appendix C).
Behavior across tasks

In tasks A to E, the optimal sequence diverges from the path described by the directed cognition
algorithm. It demands agents to explore the low-probability, high-payoff project first, even though
its expected payoff is lower than that of the high-probability, low-payoff project. In tasks F to J,
both sequences coincide, i.e., the optimal sequence in these tasks is characterized by choosing
projects in the order of decreasing expected payoffs.

The findings by Gabaix et al. (2006) suggest that many people use the directed cognition algorithm
as a heuristic. Aggregating the data from our three treatments, we observe a similar pattern for
decisions in social settings, as shown in Figure 1: In tasks A to E, only 38% of the agents choose
the optimal path, while 53% follow the directed cognition algorithm. In tasks F to J, 81% choose



the optimal path, but both strategies cannot be distinguished. The share of optimal play is
significantly larger in tasks F to J than in tasks A to E (p < 0.001, Wilcoxon signed-rank test).’

Thus, in line with the results by Gabaix et al. (2006), the share of optimal information acquisition
behavior is significantly larger in tasks that can be solved optimally by the directed cognition
algorithm. Note, however, that performance may not be directly comparable between both
sequences. Payoffs from the optimal path tend to be larger in sequence F to J than in sequence A
to E. With respect to expected opportunity costs, there is more money left on the table in tasks F to
J than in tasks A to E (p < 0.001, Wilcoxon signed-rank test). In the former, the expected
opportunity costs amount to ECU 0.873, in the latter to ECU 0.568. That means, the higher share
of optimal choices in Tasks F to J does not compensate for the loss in expected payoffs generated
by those behaving sub-optimally.

Figure 1: Share of optimal choices across tasks (all treatments pooled, 95% confidence intervals)
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Treatment comparisons

Figure 2 displays the share of optimal choices averaged across tasks separately by treatment.
Average performance over tasks F to J ranges from 79.4% to 82.7% while the average performance
over tasks A to E ranges from 28.3% to 46.7%. The tasks A to E are played optimally less often
than tasks F to J within each of the treatments (p < 0.001, Wilcoxon signed-rank tests). As expected,
performance also varies more strongly across treatments in tasks A to E than in tasks F to J, in

which performance is quite close to the optimum already.

When comparing the share of optimal choices across the three treatments, we do not find any
significant differences with respect to tasks F to J (p > 0.368, Mann-Whitney-U tests). When
comparing performance in tasks A to E the difference between the UNEQUAL treatment (in which
agents perform best) and the LOW treatment (in which they perform worst) is significant (p =

0.033) while the other two treatment comparisons are insignificant (p > 0.209).

As a robustness check, we run the ordinary least squares (OLS) regressions shown in Table 3. They
take the share of tasks an agent played optimally as a dependent variable and are run separately for
tasks A to E and tasks F to J. Depending on the model specification, they also take the agent’s
gender and age as explanatory variables next to the treatment dummies LOW and HIGH (with
UNEQUAL as the baseline category). The regression results are in line with the pattern described
above: While there are significant treatment differences in all models for tasks A to E, we find no
significant differences in tasks F to J across regression models (1), (2) and (3) (p > 0.579, Wald
tests). With respect to tasks A to E, the OLS regressions confirm that performance in LOW is
worse than in the UNEQUAL treatment (p < 0.037). Based on the estimates the share of optimal
choices is around 18% lower in LOW. There is no significant difference between UNEQUAL and
HIGH or between LOW and HIGH (p > 0.201).

We also compare the share of choices adhering to the directed cognition algorithm across
treatments in tasks A to E. On average 47.2% of choices in UNEQUAL, 51.1% of choices in HIGH
and 60.6% of choices in LOW were made based on the directed cognition algorithm. However,
there are no significant differences between treatments (p > 0.148, Mann-Whitney-U tests). Figures

and regression results are provided in Online Appendix E.
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When comparing the expected opportunity costs between treatments in tasks A to E, we also
observe a better performance (i.e. the lowest opportunity costs) in treatment UNEQUAL (ECU
0.399) than in treatments LOW (ECU 0.610) and HIGH (ECU 0.696). But the differences are
insignificant (p > 0.059, Mann-Whitney-U tests). Figures and regression results are provided in

Online Appendix F.

Our main hypothesis suggests that an inequality averse agent will perform worse under
disadvantageous inequality. But, if anything, we observe better performance in UNEQUAL than
in LOW: Based on the risk neutral benchmark, performance measured as the number of optimal

choices even increases with stakeholder pay. Accordingly, we formulate the following observation:

Observation: Unilaterally increasing the pay of an agent’s stakeholder does not have a negative
effect on the agent’s performance.

Figure 2: Share of optimal choices across tasks by treatment (95% confidence intervals)
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Table 3: OLS regressions, dependent variable: Share of optimal choices

Tasks Ato E Tasks F to J

(1) () ©) (1) () ©)
LOW -0.183" -0.183" -0.184" -0.017 -0.017 -0.018
(0.086) (0.087) (0.087) (0.064) (0.063) (0.064)
HIGH -0.078 -0.075 -0.076 0.017 0.014 0.013
(0.087) (0.086) (0.086) (0.064) (0.064) (0.064)
Female 0.085 0.086 -0.088 -0.081
(0.070) (0.072) (0.051) (0.051)
Age 0.001 0.006
(0.011) (0.008)

N 108 108 108 108 108 108
R? 0.042 0.056 0.056 0.003 0.031 0.037

Standard errors in parentheses, * p<0.050, ™ p<0.010, ™ p<0.001.

5 Conclusion

First, we confirm the result by Gabaix et al. (2006), who find that their directed cognition algorithm
describes actual behavior quite well. We observe a similar decision pattern for agents acting in a
setting with a passive stakeholder. In addition, when considering the share of optimal decisions as
a measure of effort, we observe that disadvantageous inequality in pay improves the quality of
decisions. This effect is present for tasks that cannot be solved optimally by applying the directed
cognition algorithm. When considering expected opportunity costs as a measure of effort, we still
observe the best performance under disadvantageous inequality, but the difference is not
significant. Overall, we find that disadvantageous inequality in pay does not have a negative effect

on performance.

The observation that an increase in pay does not necessarily lead to more effort is in line with the
results of several empirical studies that consider individual-effort provision in real-effort settings
in the laboratory (see, e.g., Gneezy & Rustichini, 2000; Pokorny, 2008; Ariely et al., 2009) or in
the field (see, e.g., Camerer et al., 1997; Crawford & Meng, 2011; Fehr & Goette, 2007).
Somewhat puzzling is the increase in performance with unequal pay we find with respect to the
share of optimal decisions. This behavior may of course be specific to our sample or the procedures

we have used. But interestingly, it is in line with recent findings by Cullen & Perez-Truglia (2021)

12



who observe that in the field, workers increase their effort once they learn that their managers earn
more than they thought. Their results suggest that negative morale effects are absent with respect
to vertical comparisons: Workers satisfaction with their jobs, their salary and their firm’s wage
differentials are unchanged when they learn that their superiors earn more. Even though our setting
is neutrally framed, the asymmetry between agents and stakeholders may also explain the absence
of negative morale effects.

13
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Appendix A — Parameters of the tasks, example and screenshot

Table Al: Task parameters based on Gabaix et al. (2006)

Vi p1 V, p2 Vs P3
Task A 21 0.09 10 0.76 1 1
Task B 19 0.11 10 0.79 1 1
Task C 23 0.09 13 0.72 1 1
Task D 18 0.12 10 0.81 1 1
Task E 20 0.12 12 0.85 1 1
Task F 22 0.48 11 0.74 1 1
Task G 24 0.34 9 0.70 1 1
Task H 18 0.52 11 0.74 1 1
Task | 25 0.39 9 0.70 1 1
Task J 10 0.09 8 0.85 1 1

Note: Costs c; are always 1.

Figure Al contains a screenshot of the agent’s screen with the three projects. It shows that
probabilities and payoffs are known to subjects. Payoff amounts are given in experimental currency
units (ECU). For each task we observe one of the possible decision paths. To illustrate the possible
decision paths, let us consider this as an example: Project 1 is the safe option, guaranteeing a payoff
of ECU 1, because it is always successful. Project 2 has a payoff of ECU 21 in case of success and
a probability of success of 9%. Project 3 yields ECU 10 in case of success. Its success rate is 76%.
Projects 2 and 3 yield no payoff if they fail. Would a subject acquire information about the outcome
of the two uncertain projects? Probably, because, in expectation, both yield a payoff that is larger

than the payment of ¢ = 1. But which one should be explored first?

Calculating the index Z; for the three projects as in formula (1) yields the optimal sequence. The
valuesare Z1 =1, Z> =(0.09*21-1)/0.09 = 9.89 and Z3 = (0.76*10-1)/0.76 = 8.68. Therefore, project
2 should be explored first and taken if successful, because its outcome is certain and Z, = 21. If
not, project 3 should be explored and selected if successful. Only if neither is successful, project 1
is selected. The decision sequence will be different for someone applying the directed cognition
algorithm. This heuristic only considers the gain from the next move being made. In the beginning,

the best-known successful project is project 3, therefore S = 1. Based on (2), the gains from the



three projects are Gy = 1(1-1)-0 =0, G2 = 0.09(21-1)-1 = 0.8 and G3 = 0.76(10-1)-1 = 5.84, so now
project 3 is considered first. If it is successful, the gains change to G; = 1(1-10)-0 = -9, G2 =
0.09(21-10)-1 = -0.01 and Gz = 1(10-10)-0 = 0, and the sequence ends. If project 3 fails, project 2

will be explored.



Figure Al: Screenshot of agent’s screen (task A)

remaining time [sec]: 1721

Round: 1

You are Participant 1. You enter the decisions for yourself and Participant 2. Participant 2 sees these decisions.

possible 1 i actual amount 1
Ticket 1: amount e 00 winner:  yes (n £C). Take Ticket 1: _
(in EC): :
—— possibkte 21 probability 9 ) : actual amount  unknown Find Out Whether
cket 2: Zr'?%l(’:") (in %): MInECic EURKIOWH (in EC): Ticket 2 is a Winner:
o possibkie 10 probability 76 o . actual amount unknown Find Out Whether Find Out
CKet3- el (in %): SRE ST (in EC): Ticket 3 is a Winner:

Clicking on "Find Out" next to "Find Out Whether Ticket x is a Winner" costs 1 EC and shows if the ticket is a winner or not.

Clicking on "Take Ticket" next to "Take Ticket x" ends the round and calculates the profit for this round for you and Participant 2.




Appendix B — Instructions (translated from German)

Welcome to the experiment!

Foreword

You are taking part in a study of decision behavior in experimental economic research. During the study
you and the other participants are asked to make decisions. By doing so you can earn money. How much
money you earn, will depend on your decisions. At the end of the experiment you will be paid your total
earnings in cash.

None of the participants will be informed about the identity of the other participants during the
experiment.



Instructions

Please read the following instructions carefully. About 5 minutes after we hand out the instructions, we will
come to you to answer questions. If you have any questions during the experiment, you can raise your hand
at any time. We will then come to you.

During the experiment you will take part in 10 lottery rounds.

Assignment of partner and role

At the beginning of the experiment you will get assigned to your partner and randomly receive one of two
roles: Participant 1 or Participant 2. During the whole experiment you will play together with the same
partner and keep the same role. You will not learn anything about the identity of your partner.

Description of the lottery games

During the lottery rounds of the experiment you will be asked to choose among a group of “lottery tickets”.
Tickets have different probabilities of paying off. All amounts are given in Experimental Currency (EC).

Participant 1 enters the decisions for himself and Participant 2. Participant 2 only sees these decisions.

Consider the following set of tickets:

actual amount Find Out

. . possible amount probability  winner: . . . .
Ticket 1: (in EC): 20 (in %): 50 unknown (in EC): V\/_hether_Tlck.et Find Out ]
unknown 1is a Winner:
. . possible amount probability  winner: a_ctual a.mount Find Out . .
Ticket2: % _ o (in EC): Whether Ticket Find Out
(in EC): 10 (in %): 75 unknown . . ) )
unknown 2 is a Winner:

. . possible amount probability  winner: actual amount . ) -
Ticket 3 inEC) 1 (in %):100  yes (in EC): 1 Take Ticket 3:

Here, ticket 1 has a 50 % chance of paying 20 EC. To be more precise, it pays off 20 EC with a
50 % chance and pays off 0 EC with a 50 % chance. Similarly, ticket 2 pays off 10 EC with a 75 % chance
and 0 EC with a 25 % chance. Ticket 3 always pays 1 EC.

For 1 EC you can find out whether an “unknown” ticket is a winner or not by clicking on “Find Out” next
to “Find Out Whether Ticket is a Winner” in the far right hand column. You may investigate as many tickets
as you wish, at a cost of 1 EC each.

At any point you may stop learning and end the round by choosing ONE ticket. In order to do so Participant
1 clicks on “Take Ticket” in the far right hand column. The “Take Ticket” option will be available for all
tickets that are known to be a winner or not. Even for those that have been revealed as losing tickets. Once
you select a ticket, we will calculate your winnings for that round as the value of the selected ticket minus



1 EC for each “unknown” ticket that you investigated. We will tell you your profit for the round and then
reset the screen for the next round.

Payment

At the end of the experiment you will get paid your winnings (net of learning costs) in 1 of the 10 rounds
selected at random. [LOW: Participant 1 and Participant 2 receive a malus of 30 % in addition to the profit
of this round. 1.e. their profit is reduced by 30 %. HIGH: Participant 1 and Participant 2 receive a bonus of
30 % in addition to the profit of this round. I.e. their profit is increased by 30 %. UNEQUAL.: Participant 1
receives a malus of 30 % in addition to the profit of this round, while Participant 2 receives a bonus of 30
%. l.e. their profit is decreased by 30 % or increased by 30 %.]

1 EC is equivalent to 1.50 Euro.

Example: Assuming Participant 1 and Participant 2 have investigated 2 tickets in one round and take a
ticket with an actual amount of 10 EC. In this case the profit for this round is for each of the both
participants:

Profit for this round = 10EC -2 EC =8 EC
[LOW:

However, Participant 1 and Participant 2 receive a malus in addition to the profit. The malus is calculated
as the absolute value of 30 % of the profit for this round, in this round 8 EC * 30 % = 2.4 EC. That is, the
actual profits that are paid are:

Profit for Participant 1 =8 EC-2.4EC =5.6 EC

Profit for Participant2 =8 EC -2.4EC =5.6 EC
]

[HIGH:

However, Participant 1 and Participant 2 receive a bonus in addition to the profit. The bonus is calculated
as the absolute value of 30 % of the profit for this round, in this round 8 EC * 30 % = 2.4 EC. That is, the
actual profits that are paid are:

Profit for Participant 1 =8 EC + 24 EC = 10.4EC

Profit for Participant2 =8 EC + 24 EC =104 EC
]

[UNEQUAL:

However, Participant 1 receives a malus in addition to the profit and Participant 2 a bonus. Malus and
bonus are calculated as the absolute value of 30 % of the profit for this round, in this round 8 EC * 30% =
2.4 EC. That is, the actual profits that are paid are:



Profit for Participant1 =8 EC-2.4EC =5.6 EC

Profit for Participant2 =8 EC + 24 EC =104 EC
]

You will start with a practice round that illustrates the process. Then the experiment will begin. The
experiment will consist of 10 rounds (in addition to the practice round).

On the next page you will find the screens for one exemplary round.



Screen for Participant 1

remaining time [sec]: 1529

Round: 1

You are Participant 1. You enter the decisions for yourself and Participant 2. Participant 2 sees these decisions.

possible 20 i tual it ki i
< probability 50 S actualamount  unknown Find Out Whether
Ticket 1: Zn""é‘é"; (in %): winner:  unknown (in EC): Ticket 1 is a Winner:
possible 10 actual amount INkNoY
3 probability 75 S ! u unknown Find Out Whether
Ticket 2: z:gucr;t (in %) EidneiSRnnkown (in EC) Ticket 2 is a Winner:
possible 1 il actual amount 1
Ticket 3: amount p’gﬁ‘;}:;',“y 100 winner:  yes (in EC): Take Ticket 3: _
(in EC): ;

Clicking on "Find Out" next to "Find Out Whether Ticket x is a Winner" costs 1 EC and shows if the ticket is a winner or not.

Clicking on "Take Ticket" next to "Take Ticket x" ends the round and calculates the profit for this round for you and Participant 2.

Screen for Participant 2

remaining time [sec]: 1541

Round: 1

“You are Participant 2. Participant 1 enters the decisions for both of you. You see these decisions.

possible 20 actual amount unknown
Ticket 1: amount probabilly 0 winner:  unknown

(in EC). in % (in EC).

possible 10 probability 75 actual amount unknown
Ticket 2; amount : , winner:  unknown

(in ECy: (in %): (in ECY

resEllE 1 actual amount il
Ticket 3: amount probanisty 100 winner:  yes i 2

{in £y (in %): (in EC):

Participant 1 sees in the far right hand column for each ticket the button "Find Out" for tickets that are unknown to be a winner or the button "Take Ticket" for tickets that are known to be a winner or not.
Clicking on "Find Out" costs 1 EC and shows if the ticket is a winner or not.

Clicking on "Take Ticket’ ends the round and calculates the profit for this round for you and Participant 1.




Lottery decisions

In the following we ask you to make 12 lottery decisions for which you will receive additional earnings.

Please read the following instructions carefully. About 5 minutes after we hand out the instructions, we will
come to you to answer any questions. If you have any questions during the experiment, you can raise your
hand at any time. We will then come to you.

Description of the lottery decisions

One of the 12 lottery decisions will be randomly selected and the corresponding profit will be added to your
previous earnings. Please note that your decisions influence your profit only and not that of the other

participant.

During the 12 decisions you can choose between a lottery and a secure (or "safe") payment. You will have
an additional 2.00 Euro at your disposal. According to your decisions and the lottery results (which is
randomly selected by a computerized random number generator), this amount can be reduced or increased.

Example: You can choose between a secure payment of 0.00 Euro and a lottery. If you choose the lottery
you receive a profit of 1.00 Euro with a probability of 50% and with a probability of 50% a loss of -0.50
Euro. Do you prefer the secure payment or the lottery?

Payment

At the end of the experiment the profit of the lottery decisions will be paid out to you, together with the
previous earnings.

The profit of the lottery decisions is composed of the endowment of 2.00 Euro and — depending on your
decision — of the secure payment or the lottery result.
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Appendix C — Derivation of main hypothesis

We follow Breza et al. (2018) in adapting the framework by DellaVigna et al. (2016) and assume
that morale effects can influence the choice of effort. An agent i’s utility function is given by:

U(ei, wi, ¥) = eiwi-g(ei)-M(ei, wi, ¥) (3)

where e;j is her cognitive effort and wi is her pay, i.e., the amount by which her payoff increases
from additional cognitive effort. The effort costs are convex and given by g(ei) with g’(ei) > 0,
g’’(ei) > 0 and g(0) = 0. The morale effect M(ei, wi, ¥) depends on the agent’s pay wi, the effort e
and some reference point y.

In our basic model, there is no morale effect. The optimal effort is simply derived from the first-

order condition wi-g’(ej) = 0 as:
ei* = g"H(wi) (4)

where g’1( ) is the inverse of the effort cost function and monotonically increasing.

Because -g’’(e*) < 0, this is a maximum.

We now consider how the prediction above changes once we introduce morale effects. Like Breza
et al. (2018), we assume that the reference point y is formed based on the pay per unit of effort
received by stakeholders. In our case, the reference pay is equal to the pay the stakeholder earns
from the agent’s actions (y = w.iej). We model this based on the theory by Fehr & Schmidt (1999)
of inequality aversion (1A) so that an agent suffers from unequal pay. Following them, we assume
a linear relationship between inequality and utility. The morale effect that is subtracted in (3) is

then given by:
Mia(ei, wi, w.i) = amax{eiw-i-eiwi, 0}+pmax{eiwi-eiw.i, 0}. (5)

The positive parameters o and £ capture two types of disutility from inequality (o, > 0): Agents

suffer more from inequality that is disadvantageous to them than from inequality that is

11



advantageous to them (a > f). Furthermore, agents always like to have more money than less (5 <
1).°

Depending on the type of inequality, solving for the optimal effort yields:
ei* = g’-l(Wi'OC(W-i'Wi)) if Wi > Wi and (6)
ei* = g"l(Wi-ﬁ(Wi -W.i)) if wi >w.i.

In our setting, pay inequality cannot be changed by the agents but is exogenously determined
through the pay structure. Because g’*( ) is monotonically increasing, a change in its input
parameters also changes optimal effort accordingly. Based on the theory of Fehr & Schmidt (1999)
and their parameterization of o and 8 we can derive hypotheses about the reactions to pay changes:
In our case, we consider disadvantageous inequality where the agent earns less than her stakeholder
(wi < w.j). Here, an increase of the agent’s pay leads to an increase in effort. However, an increase
in the stakeholder’s pay has the following effect: the larger the stakeholder’s pay the lower the
agent’s effort.

5 As Fehr & Schmit (1999) and Breza et al. (2018) point out, other assumptions about « and $ can be made. The

assumption that people do not like being paid less than their peers captured through a positive o is quite common.

However, if people are status seeking, f may also be negative, which would increase the effect.
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Appendix D — Raw data

Table Cla: Optimal choices

Exp. Opp.

Female

Age
P1 P2

Task

ABCDEFGH

Group Treatment

Cost

P1 P2

J

1.72
0.04
3.26
0.00
0.62
1.19
0.02
1.20
2.19
0.06
0.04
0.03
0.00
1.38
1.56
2.22
0.00
1.03
0.03
0.84
0.03
0.04
3.22
1.65
0.04
0.04
0.03
0.02
1.26
1.32
0.04
0.29
0.01
0.28
0.08
0.36

1
1
0
1
0
0
0
0

0
0
1
0
0
1
1
1
0
0
0
0
1
1
1
1
0
1
0
0
1
0
1
0
0
0
0
0
1
1
1
1
1
1
1
0

27 23
28 26

0000101111

LOW

0000011 T111

LOW

24 20
24 21

0 00O0OO0OOO0OOOI1

LOW

1111111111
1111111110

0100011011

LOW

21 25
27 22

LOW

LOW

0101011111 2427

LOW

0000010101 27 22

LOW

0 00O0OO0OO0OOO1I 23 24

LOW

1

29 23
26 24

1111111110

0000011111

LOW

10
11
12
13
14
15
16
17
18
19
20
21

LOW

1

0000111111 25 24

LOW

1111111111 28 18

000O0OO0CO0OO0OOO0O1

LOW

0

24 22

LOW

1100100111 26 25

0100011101

LOW

0
1
1
1
1
0
0
0
0

19 24
24 22

LOW

1111111111
1000110001
1010011111
0010011111

LOW

25 24

LOW

25 26

LOW

25 22

LOW

0000111111 2426

LOW

00000111111 2227

LOW

22
23
24
25
26
27

27 24
22 25

0110010111

LOW

0000O0O0OO0T1T11

LOW

18 24
20 27

0000O0O11111

LOW

0
1
1

0000011111

LOW

0110011111 2721

LOW

25 20

1110011111
0000001111

LOW

28
29
30
31

19 17

LOW

0

0000011001 1919

LOW

18 22
26 25
23 23

0000O0O11111
28 26

LOW

0

0000O011O011

LOW

32
33
34
35

1110111111

LOW

0

000O0O111O011

LOW

18 23

1010111110
22 22

LOW

1

0000O01O0111

LOW

36

Table C1b: Optimal choices
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Group Treatment Task Age Female  Exp. Opp.

ABCDEFGHIJ P1LP2 Pl P2 Cost
1 HIGH 0010010111 2024 1 1 1.22
2 HIGH 1001011111 2525 0 1 0.93
3 HIGH 1111111111 22 0 1 0.00
4 HIGH 0000011010 2625 0 1 1.39
5 HIGH 1010111100 2026 1 0 2.95
6 HIGH 1011111111 2321 1 O 0.01
7 HIGH 1111111111 232 1 0 0.00
8 HIGH 1111111111 2128 1 O 0.00
9 HIGH 0000O0O11 111 2520 0 1 0.08
10 HIGH 1011011111 262 0 1 1.64
11 HIGH 1111111111 20 20 0 1 0.00
12 HIGH 1101111111 2823 0 1 0.86
13 HIGH 1 011011111 21 24 1 0 0.02
14 HIGH 1111011110 233 1 0 1.13
15 HIGH 0000O0OO0OO0OO0OO01 2327 1 O 1.58
16 HIGH 0000011111 2925 0 O 0.04
17 HIGH 0 000O010O0OO0O1 2431 1 1 2.57
18 HIGH 0000111111 2729 0 1 0.03
19 HIGH 0 000O0O0OT1I11 2022 o0 1 0.73
20 HIGH 1101011111 2627 0 1 0.92
21 HIGH 1110111111 30 26 1 0 0.01
22 HIGH 0011010001 262 1 0 2.55
23 HIGH 1100111111 2127 1 0 0.74
24 HIGH 0000O0O11 111 19212 1 O 0.04
25 HIGH 0000011111 2922 o0 1 0.07
26 HIGH 0000111111 2720 0 1 0.74
27 HIGH 0 00OO0OO01T1 111 3021 0 1 0.04
28 HIGH 0000010001 2329 0 1 1.01
29 HIGH 1001011111 2619 1 0 0.02
30 HIGH 0011100011 232 1 0 2.83
31 HIGH 0110110011 2028 1 0 1.29
32 HIGH 0000011111 2520 0 O 0.04
33 HIGH 1010010011 212 0 1 0.58
34 HIGH 0110011111 2025 1 1 0.03
35 HIGH 0000011111 2729 0 O 0.04
36 HIGH 0000010001 1920 0 0 1.86

Note: EOC indicates the average expected opportunity cost in ECU.
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Table Clc: Optimal choices

Group Treatment Task Age Female  Exp. Opp.
ABCDEFGHIJ PLP2 Pl P2 Cost
1 UNEQUAL 0000011101 2527 0 1 0.86
2 UNEQUAL 0000011111 2427 0 1 0.04
3 UNEQUAL 0110000100 2323 0 0 3.21
4 UNEQUAL 0010011111 2720 0 1 0.04
5 UNEQUAL 0001011111 2324 1 0 0.05
6 UNEQUAL 1 111010111 2020 1 0 1.68
7 UNEQUAL 1 111111111 2125 1 0 0.00
8 UNEQUAL 1 111111111 2425 1 0 0.00
9 UNEQUAL 0 1 1 0011111 2424 0 1 0.03
10 UNEQUAL 1 11 1111111 2723 0 O 0.00
11 UNEQUAL 0 1 01 100010 2831 0 1 1.50
12 UNEQUAL 1 1 1 1111110 2020 0 1 0.06
13 UNEQUAL 0 0 0 000O0O0OOO 1818 1 0 5.24
14 UNEQUAL 0 01 1 111110 2024 1 0 0.08
15 UNEQUAL 1 11 1011111 32 1 0 0.01
16 UNEQUAL 0 0 0 0 0O0O0OT111 2722 1 0 1.82
17 UNEQUAL 0 01 0010111 212 0 1 0.36
18 UNEQUAL 1 11 0111111 2021 0 1 0.73
199 UNEQUAL 0000011111 1920 0 0 0.04
20 UNEQUAL 0 0 0 0011111 2221 0 1 0.04
2. UNEQUAL 0 0 0 0011001 21024 1 0 0.69
22 UNEQUAL 1 11 1011111 2520 1 0 0.01
23 UNEQUAL 0 0 1 1111111 262 1 0 0.02
24 UNEQUAL 0 00 0011111 2719 1 0 0.04
25 UNEQUAL 0 0 1 0010001 3223 0 0 1.01
26 UNEQUAL 0 100111111 2233 0 1 0.02
27 UNEQUAL 0 1 01111111 2324 0 1 0.01
28 UNEQUAL 1 1 11111111 2020 0 1 0.00
29 UNEQUAL 1 110111111 2319 1 0 0.01
30 UNEQUAL 0 0 0 0011011 2425 1 0 0.29
31 UNEQUAL 0 000111111 2019 1 0 0.88
32 UNEQUAL 1 11 1001000 2024 1 0 241
33 UNEQUAL 1 110111110 2620 0 1 0.79
34 UNEQUAL 0 000 101111 2824 0 1 1.25
35 UNEQUAL 1 111101111 21025 1 1 0.37
3 UNEQUAL 0 1 01011111 243 1 0 0.02

Note: EOC indicates the average expected opportunity cost in ECU.
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Appendix E — Choices consistent with the directed cognition algorithm (DC)
and unclassified choices (other)

Figure E1: Share of DC choices across tasks (all treatments pooled, 95% confidence intervals)

Tasks Ato E Tasks FtoJ
1.00+ 1.00 1
0.901 0901 71 T I
0.80 0.804[ 1 T i 1
0.70- g 0.70 L l
0.60+ '|' -|- § I '|' 0.60
0504[ | [ 18 | 0.50
0.40 13 0.401
0.30+ g 0.30+
0.20+ 0.20 1
0.10+ 0.10
0.00 A B C D E 0.00 F G H | J
Task Task
Figure E2: Share of DC choices across tasks by treatment (95% confidence intervals)
Tasks A to E DC Tasks Fto J DC
1.00+ 1.00
0.90+ 0.90+ _|_ —|— —|—
0.80+ 0.80+ J_
0.70- T i 0.701 . L
0.601 l T§ T 0.60 1
0.50+ 3 0.50
0.40- i; l 0.40-
0.30- 7 0.30-
0.20+ 0.20
0.10+ 0.10+
0.00 Low HIGH UNEQUAL 0.00 Low HIGH UNEQUAL
Treatment Treatment
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Figure E3: Share of other choices across tasks (all treatments pooled, 95% confidence intervals)

Tasks Ato E Tasks Fto J
1.00+ 1.00+
0.90+ 0.90+
0.80+ 0.80+
83
0.70 k< 0.701
2
0.60+ © 0.60+
2
0.50- = 0.50-
0.40 g 0.40
5]
0.30 5 0.301 1 T
0.201 0.201 L I .
o b o ) e |
0.00 A B C D E 0.00 G H | J
Task Task
Figure E3: Share of other choices across tasks by treatment (95% confidence intervals)
Tasks A to E other Tasks F to J other
1.00+ 1.00+
0.90+ 0.90+
0.80+ 0.80+
[7e}
0.70 8 0.70-
2
0.60- S 0.60
(5]
0.50 s 0.50-
0.401 o 0.40
0.30- - 0.30- T
0.20- 0.20- 1 T 1
| 0T , il i
0.10 T ﬁ T 0.10
0.00 0.00
LOwW HIGH UNEQUAL Low HIGH UNEQUAL
Treatment Treatment
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Table E1: OLS regressions, dependent variable: Share of DC choices

Tasks Ato E Tasks F to J
(1) () ©) (1) () ©)
LOW 0.133 0.133 0.134 -0.017 -0.017 -0.018
(0.087) (0.088) (0.088) (0.064) (0.063) (0.064)
HIGH 0.039 0.036 0.036 0.017 0.014 0.013
(0.094) (0.092) (0.093) (0.064) (0.064) (0.064)
Female -0.122 -0.123 -0.088 -0.081
(0.073) (0.076) (0.051) (0.051)
Age -0.001 0.006
(0.0112) (0.008)
N 108 108 108 108 108 108
LOW vs HIGH 0.297 0.274 0.276 0.579 0.600 0.595
R? 0.021 0.047 0.047 0.003 0.031 0.037
Standard errors in parentheses, * p<0.050, ™ p<0.010, ™ p<0.001.
LOW vs HIGH represents the p-value of a Wald test for equality of coefficients.
Table E2: OLS regressions, dependent variable: Share of other choices
Tasks Ato E Tasks F to J
(1) ) ®) 1) ) @)
LOW 0.050 0.050 0.050 0.017 0.017 0.018
(0.035) (0.035) (0.035) (0.064) (0.063) (0.064)
HIGH 0.039 0.040 0.040 -0.017 -0.014 -0.013
(0.031) (0.032) (0.032) (0.064) (0.064) (0.064)
Female 0.037 0.037 0.088 0.081
(0.028) (0.029) (0.051) (0.051)
Age 0.000 -0.006
(0.004) (0.008)
N 108 108 108 108 108 108
LOW vs HIGH 0.772 0.790 0.791 0.579 0.600 0.595
R2 0.021 0.037 0.037 0.003 0.031 0.037

Standard errors in parentheses, * p<0.050, ™ p<0.010, ™ p<0.001.
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Appendix F — Expected opportunity costs

Figure F1: Expected opportunity cost across tasks (all treatments pooled, 95% confidence intervals)

Tasks Ato E

2.0
1.8+
1.6+
1.4
1.2
1.0+
0.8+
0.6+
0.4+
0.2
0.0

pected opportunity cost

—Emeciel

20| ———

Tasks Ato E

1.61

1.41

1.2+
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Tasks FtoJ

2.0
1.8+
1.6+
1.4+
1.2
1.0+
0.8+
0.6+
0.4+
0.2

0.0

Task

Tasks Fto J

Figure F2: Expected opportunity cost across tasks by treatment (95% confidence intervals)
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Table F1: OLS regressions, dependent variable: Expected opportunity cost

Tasks Ato E Tasks F to J
(1) () ©) (1) () ©)
LOW 0.212 0.212 0.213 -0.072 -0.072 -0.061
(0.211) (0.208) (0.206) (0.360) (0.357) (0.356)
HIGH 0.297 0.305 0.306 -0.053 -0.039 -0.031
(0.215) (0.214) (0.215) (0.373) (0.372) (0.369)
Female 0.296 0.289 0.513 0.455
(0.181) (0.184) (0.283) (0.279)
Age -0.006 -0.050
(0.027) (0.043)
N 108 108 108 108 108 108
LOW vs HIGH 0.725 0.696 0.699 0.952 0.913 0.921
R? 0.018 0.042 0.043 0.000 0.031 0.044

Standard errors in parentheses, * p<0.050, ™ p<0.010, ™ p<0.001.
LOW vs HIGH represents the p-value of a Wald test for equality of coefficients.
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