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Reporting Frequency and Learning by
Experience

Abstract

Using an experiment, I investigate whether increasing reporting frequency affects super-

visor evaluation decisions and employee experiential learning in a discretionary evaluation

setting. Employees learn by either exploring new knowledge or exploiting existing knowl-

edge. Supervisors may be unable to distinguish unsuccessful exploration from shirking as

the cause of a low result because exploration frequently produces low outcomes. Anticipat-

ing this, employees can explore below optimal levels because they are uncertain whether

supervisors will reward their effort. Increasing reporting frequency improves supervisors’

ability to distinguish unsuccessful exploration from shirking. Thus, I predict and find that

investing effort in unsuccessful exploration results in higher employee bonuses when reporting

frequency increases. Contrary to my prediction, employees do not appear to anticipate this

and do not explore more when reporting frequency increases. My results suggest employees

can fail to anticipate which actions supervisors will reward, making supervisors less effective

at directing employee effort towards desirable actions.



Introduction
An important dimension of organizational learning and, in turn, organizational per-

formance, is employee on-the-job learning, i.e., experiential learning (Arrow, 1969; March,

1991). To better understand how to motivate employee experiential learning, researchers

have investigated what information companies should collect (Dye, 2004) and how this in-

formation should be used when designing explicit contracts (Ederer & Manso, 2013; S. Lee

& Meyer-Doyle, 2017; Manso, 2011). However, in a discretionary evaluation setting, we

know little about what information companies should report to supervisors, how supervisors

will use this information in evaluations, and how these evaluations will affect employee ex-

perimental learning (Campbell, 2008; Campbell et al., 2011). Examining how to motivate

experiential learning in a discretionary evaluation setting is important because writing com-

prehensive explicit contracts is sometimes prohibitively costly (Bailey et al., 2011). In this

study, I investigate whether providing additional information to supervisors by increasing re-

porting frequency affects supervisor evaluation decisions and employee experiential learning

in a setting in which supervisors have discretion over employees’ rewards. I define report-

ing frequency as the number and the granularity of reports generated about an employee’s

performance in a given time interval.

Examining how reporting frequency affects employee learning can aid organizations in

designing their reporting systems. Technological advancements allow companies to relatively

cheaply increase reporting frequency to whatever level they consider appropriate (Hecht

et al., 2020). Insights into how reporting frequency affects organizational performance are

therefore timely because organizations have more flexibility in choosing a reporting frequency

that is most likely to maximize profits.

The central tension underlying experiential learning is the choice between the exploration

of new untested approaches and the exploitation of well-known approaches (March, 1991).
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Many employee decisions can be interpreted as a choice between exploration and exploitation.

For example, a salesperson might explore by cold calling potential customers or he might

exploit by contacting his existing customer base. Similarly, a manager might explore by

contracting with a new supplier or she might exploit by continuing to work with the current

suppliers. Because the lack of exploration will hamper organizational viability in the long

run (March, 1991), organizations are interested in motivating exploration.

In a discretionary evaluation setting, employees need to believe that supervisors will

infer and reward their effort level to perform an effortful action (Arnold et al., 2018; Maas

et al., 2012; Rajan & Reichelstein, 2006). When choosing between different effortful actions

such as exploration and exploitation, employees will consider how likely their supervisor is to

infer a high effort level based on the likely outcomes of each action. Hard-working employees

will prefer actions that, while possibly suboptimal from a company perspective, are more

likely to produce outcomes that inform supervisors about their hard work.

Employees could underinvest in exploration because exploration usually produces out-

comes that are uninformative about their effort level. Exploration frequently results in low

outcomes and rarely produces a higher outcome than exploitation (S. Lee & Meyer-Doyle,

2017; March, 1991). Because shirking also produces low outcomes, the supervisor will face an

inference problem when observing a low result: did the employee explore or did they shirk?

Consequently, employees who explore have a lower chance of their supervisor inferring their

effort level because unsuccessful exploration and shirking both produce low outcomes. Fewer

employees will explore as a result.

Increasing reporting frequency increases supervisors’ ability to distinguish unsuccessful

exploration from shirking. Although both unsuccessful exploration and shirking result in

low average performance, shirking creates little variability in results while exploration re-

sults in high variability (Azoulay et al., 2011; He & Wong, 2004; March, 1991). Increasing

reporting frequency allows supervisors to better observe variability in the outcome measure
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and therefore more confidently interpret low results as either unsuccessful exploration or

shirking. Thus, a higher reporting frequency increases the likelihood of supervisors inferring

that an employee has invested effort in exploration. Therefore, I expect investing effort in

exploration will result in a higher bonus when reporting frequency increases. I further expect

employees will anticipate this and explore more when reporting frequency increases.

In contrast, prior literature presents two reasons why employees will explore less when

reporting frequency increases. First, Campbell et al. (2011) find that a higher reporting fre-

quency increases perceived evaluative pressure which, in turn, reduces employee exploration

(F. Lee et al., 2004). However, as the authors note, their data does not allow them to pin-

point whether the decrease in exploration was caused by differences in reporting frequency or

by other dimensions of monitoring. Second, Hecht et al. (2020) find that employees are more

concerned about producing low result when reporting frequency is higher. This avoidance

orientation should cause employees to explore less because exploration frequently produces

low results. However, employees may be less concerned about presenting low results in a

setting where they can learn by experience because the low results could be interpreted as

a sign of exploration instead of low ability. Thus, the results of Hecht et al. (2020) do not

automatically translate to a setting where employees can learn by exploring. Therefore, the

effect of solely manipulating reporting frequency in a setting where employees can learn by

exploring is unclear.

I investigate my research question using a lab experiment. I group participants into

dyads, with each containing a supervisor and an employee. For ten periods, employees pro-

vide costly effort on an abstract task designed to simulate the trade-off between exploration

and exploitation. Employees’ choices affect company profit which is valuable to the supervi-

sor. The supervisor assigns a bonus to the employee every five periods based on information

produced by the reporting system. The supervisor does not pay the bonus out of his/her own

pocket. I manipulate reporting frequency at two levels. Supervisors either received profit re-
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ports every period (High Reporting Frequency condition) or aggregated profit reports every

five periods (Low Reporting Frequency condition).

I find that investing effort in exploration results in a higher employee bonus when re-

porting frequency increases. However, supervisors do not use all available information to

reward profitable (in expectations) employee actions, preferring instead to partially reward

uncontrollable outcomes. When supervisors are better able to observe unsuccessful explo-

ration, supervisors tolerate, instead of rewarding, unsuccessful exploration. Results from a

supplemental case-based experiment provide additional evidence for the effect of reporting

frequency on supervisors’ evaluations.

I do not find that employees explore more when reporting frequency increases. To

investigate why employees did not change their behavior despite supervisors changing their

bonus allocations, I examine if employees correctly anticipate how supervisors will evaluate

them. I do not find evidence that employees anticipate that investing effort in exploration

results in a higher bonus when reporting frequency increases. This suggests that employees’

uncertainty about how they will be evaluated limits supervisors’ ability to direct employee

effort towards desirable actions.

Finally, I find that employees’ risk aversion moderates the effect of reporting frequency

on employee exploration. Specifically, reporting frequency does not affect exploration for the

more risk-averse employees and increases exploration for the other, less risk-averse employees.

Employees’ risk aversion also affects their expectations about how supervisors will reward

exploration, a relatively risky action. The less risk-averse employees correctly anticipate that

investing effort in exploration results in a higher bonus when reporting frequency increases.

The contribution of my study is threefold. First, I contribute to the management ac-

counting literature by documenting how reporting frequency, a control system choice, affects

supervisors’ evaluations, and employees’ exploratory behavior in a discretionary evaluation

setting. Except for a few studies (Campbell, 2008; Campbell et al., 2011), the relationship
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between management control choices and employee learning has remained unexplored in a

discretionary evaluation setting. Second, I contribute to the literature on discretionary eval-

uations by providing evidence consistent with an additional cost of the uncertainty inherent

in discretionary evaluations (Bol, 2008; Luft et al., 2016). My results suggest employees

can fail to anticipate which actions supervisors will reward, making supervisors less effective

at directing employee effort towards desirable actions. Third, I contribute to the growing

behavioral literature that examines the value of providing supervisors with additional infor-

mation (Hecht et al., 2020; Luft et al., 2016). Agency theory suggests that when companies

report additional information, supervisors use all this information to increase evaluation ac-

curacy (Feltham & Xie, 1994; Golman & Bhatia, 2012). I find that when supervisors receive

additional information they do not necessarily use all this information to reward effortful em-

ployee actions, preferring instead to partially reward uncontrollable outcomes. This suggests

that providing additional information to supervisors may be less beneficial than predicted

by formal models.

Theory

Learning by Experience

Organizations learn through a variety of processes, ranging from intentional search to

learning by experience (Campbell et al., 2011). Additionally, learning occurs at an individual,

team, or organizational level. I examine employee-level learning under different control struc-

tures in a setting where employees learn by experience. Specifically, I focus on the tradeoff

that arises when learning by experience between the exploration of new untested approaches

and the exploitation of well-known approaches (March, 1991). As March notes, “the essence

of exploitation is the refinement and extension of existing competencies, technologies, and

paradigms. The essence of exploration is experimentation with new alternatives” (March,

1991, p. 85).
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When learning by experience, an action taken today affects both today’s profit (opera-

tional outcome) and the amount of knowledge the employee has about the most profitable

actions (learning outcome). Exploration and exploitation differ in their expected effect on

operational and learning outcomes. In more abstract terms, an employee facing an ex-

ploration/exploitation trade-off is operating in a multitasking setting in which exploration

and exploitation affect operational outcomes and learning outcomes differently (Hellmann &

Thiele, 2011).

When employees engage in exploitation by replicating an action performed in the past,

they gain experience and incrementally improve the efficiency of that action (Gupta et

al., 2013). Exploitation produces slow, incremental learning concerning the current tra-

jectory. In terms of operational outcomes, because exploitation involves replicating the

profit-maximizing action, it usually delivers results that are “positive, proximate, and pre-

dictable” (March, 1991, p. 85).

When employees explore by engaging in a new action for which they do not know the

outcome, they learn about the effectiveness of this new action. Exploration produces a more

radical type of learning that involves discovering if new trajectories are worth following.

Organizations are interested in motivating exploratory learning because, in the long run,

lack of exploration hampers organizational viability (March, 1991).

In terms of operational outcomes, exploration produces a distinct pattern of results due

to the high ex-ante uncertainty associated with new actions. First, exploration is a variance

seeking approach (March, 1991) that produces a higher variability of results (He & Wong,

2004; Taylor & Greve, 2006). By generating a higher variability of results, employees have a

higher chance of observing a more successful action (Dye, 2004; March, 1991). Second, be-

cause exploration involves not choosing the profit-maximizing strategy based on the current

knowledge, it often results in relatively low results.

The literature on explicit contracts has investigated how to motivate employee explo-
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ration (Ederer & Manso, 2013; S. Lee & Meyer-Doyle, 2017; Manso, 2011). This literature

finds that traditional pay-for-performance contracts are suboptimal for motivating explo-

ration due to the specific return pattern generated by exploration. To motivate exploration,

companies need to decrease the risk imposed on employees when exploring (S. Lee & Meyer-

Doyle, 2017) by tolerating early failure and rewarding long term success (Ederer & Manso,

2013; Manso, 2011).

Research examining the exploration/exploitation tradeoff spans multiple disciplines (see

Mehlhorn et al. (2015)), leading to different perspectives about the exploration/exploitation

tradeoff. Even within the discipline I draw upon in this study, the organizational learning

literature, the assumptions behind exploration and exploitation are heavily debated (Gupta

et al., 2013). For clarity, I explicitly state this study’s assumptions related to this concept

here. First, I follow prior research and examine an environment in which employees take

actions and observe outcomes directly attributable to the latest action (Rahmandad, 2008).

While environments in which actions produce a delayed response are common and important,

learning the causal effects in these environments may be less feasible for individual employ-

ees. If actions produce a delayed response, the complexity of the learning problem increases

dramatically (Rahmandad, 2008) and humans require many periods to learn the causal rela-

tionships in such environments. For example, Gibson (2000) approximates that participants

in his study would have required over 1000 periods to learn the causal model that contained

a two-period delay.1 Second, I follow the recommendations of Gupta et al. (2013) and define

both exploration and exploitation as actions that produce knowledge, rather than treating

exploration as the only means of producing knowledge.2

1I further discuss this issue when presenting future research opportunities in the Discussion and Conclusion
section.

2Exploitation is a less productive action in settings where this assumption proves untrue. I have no reason
to believe that my predictions would change if this is the case.
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Reporting Frequency and Exploration

I define reporting frequency as the number and the granularity of reports generated

about an employee’s performance in a given time interval.3 By investigating the effects of

increasing reporting frequencies, I examine the cumulative effect of differences in two report-

ing dimensions: information aggregation and the time interval between reports. This is an

intentional choice because companies likely change both these dimensions simultaneously.

More frequent reports naturally involve less information aggregation. Given the recent focus

on real-time reporting of performance, less-aggregate reports likely involve the possibility

that the supervisor will observe employee performance more frequently. For example, super-

visors likely do not need to wait until the end of the month to learn about a salesperson’s

performance on a given day if the company collects daily information about salespeople’s

performance. While the effects of solely manipulating information aggregation or the time

interval between reports are potentially interesting, they are not the focus of the current

study.4

Two prior studies suggest higher reporting frequency decreases exploration. First,

Campbell et al. (2011) find monitoring tightness, a measure that encapsulates reporting

frequency, reduces the amount of exploration with decision rights that employees perform.

They argue that a higher reporting frequency increases perceived evaluative pressure5 which,

in turn, discourages employee exploration. However, Campbell et al. (2011) do not indepen-

dently examine the effect of reporting frequency on exploratory behavior. Given the nature of

field studies, other factors correlated with reporting frequency could be driving the decrease
3Reporting frequency is different from feedback frequency. Feedback frequency refers to the frequency

with which an employee receives feedback about his or her actions. While feedback frequency affects the
rate of learning (Casas-Arce et al., 2017) and more specifically exploration (Manso, 2011), I do not focus on
it in this study and keep it constant across the experimental conditions.

4Similar to Hecht et al. (2020), I examine a setting where employees cannot misreport their performance.
Instead, the reporting system automatically captures and reports the employees’ performance.

5Evaluative pressure is defined as “the degree to which salient others are seen as judging rather than
enabling one’s performance” (F. Lee et al., 2004, p. 312).
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in exploratory behavior. For example, although Campbell et al. (2011) use reporting fre-

quency as one of the criteria to distinguish between tightly monitored and loosely monitored

divisions, these divisions may also differ on other dimensions, such as the implicit incentives

to refrain from exploration. Given the difficulties in disentangling the effect of reporting

frequency with those of other factors using field data, the effect of reporting frequency on

exploratory behavior, in isolation, warrants further investigation.

Second, Hecht et al. (2020) find that a higher reporting frequency decreases employee

performance by making employees more concerned about presenting low results to super-

visors. Thus, increasing reporting frequency should reduce employee exploration because

exploration frequently produces low results. However, it is unclear if the conclusions of

Hecht et al. (2020) will hold when employees can learn by exploring. Evaluators likely do

not learn much about employees’ ability/effort from the more frequent reports in the study

of Hecht et al. (2020) because learning opportunities are limited and performance is largely

determined by skill in their design. In contrast, increasing reporting frequency in a setting

where employees can learn by experience could allow supervisors to better infer employees’

choices and effort levels. Employees could, therefore, be less concerned about presenting

low results to supervisors when they can learn by exploring because low results could be

interpreted as exploration instead of a lack of ability. Alternatively, the information advan-

tage of increasing reporting frequency could cause employees to explore more despite their

increased concern about presenting low results. Therefore, the effect of reporting frequency

in a setting where employees can learn by experience is unclear.

Hypothesis Development

The Effects of Higher Reporting Frequency on Supervisors’ Evaluations

Supervisors are motivated to use their evaluation decisions to promote employee effort

and to direct that effort towards productive actions because higher and better-invested em-
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ployee effort will likely benefit them (Bol et al., 2016). For example, higher employee effort

invested in the correct actions might increase departmental performance, which in turn might

increase supervisors’ compensation and promotion opportunities. Therefore, supervisors will

consider the effects of their evaluation on employee effort and will try to reward effortful ac-

tions. Supervisors are more capable of directing employee effort towards specific action if

supervisors can infer the amount of effort invested in that action based on the outcomes they

observe (Datar et al., 2001; Feltham & Xie, 1994).

Exploration and exploitation differ in their expected outcomes and in the degree to

which these outcomes are informative about employees’ effort levels. Due to the focus on

experimentation, exploration frequently results in low outcomes, rarely producing a higher

outcome than exploitation. Because shirking also produces low outcomes, the supervisor

can face an inference problem when observing a low result: did the employee explore or

shirk? Thus, exploration can produce outcomes that are uninformative about employees’

effort levels because of its’ high chance of failure and because of the supervisors’ inference

problem when observing low results.

The bonus allocation patterns of supervisors when observing a low result are likely to

vary if supervisors cannot infer how much effort was invested in exploration. Some supervi-

sors may forgo the attempt to base their bonus decision on effort, deciding instead to only

consider the sum of the employees’ actions and luck: employee outcomes. This strategy

would involve the possibility that some employees who exerted effort will be punished for

bad luck. Hard-working employees are likely to consider this unfair and possibly retaliate

against the supervisor by not exerting effort in future periods (Bol et al., 2016). Wanting to

appear fair, other supervisors might still partially reward employees even when they observe

low results and are unsure whether the low result was caused by exploration or shirking.

Exploitation, in contrast, produces “positive, proximate, and predictable” results (March,

1991). If supervisors understand how exploitation affects performance, they will not face an
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inference problem when they observe that performance is moderate and steadily increasing.

The above logic suggests that the supervisors’ inability to distinguish unsuccessful ex-

ploration from shirking reduces supervisors’ ability to infer the amount of effort invested

in exploration and alters supervisors’ evaluations. Supervisors will be less likely to reward

exploration and punish shirking in their bonus allocation decisions. Therefore, a reporting

system that increases the ability of supervisors to distinguish unsuccessful exploration from

shirking should translate into higher bonuses for unsuccessful exploration and lower bonuses

for shirking.

Increasing reporting frequency should allow supervisors to observe differences in pat-

terns of results produced by exploration and shirking. While both unsuccessful exploration

and shirking result in low performance, exploration also results in higher variability (He &

Wong, 2004; March, 1991). Increasing reporting frequency gives supervisors more informa-

tion about the variability in performance, increasing their ability to distinguish exploration

from shirking. The type of actions that the employees perform is likely to have a strong

influence on the variability of performance.6 Thus, supervisors that observe the variability

in performance will use the additional information to help them infer whether the employees

have explored when they observe a low result. As a result, supervisors will be more likely

to reward effort invested in unsuccessful exploration and punish shirking in their bonus

allocation decisions as reporting frequency increases. Formally stated:

H1a: Investing effort in unsuccessful exploration results in a higher employee bonus

when reporting frequency is higher.

H1b: Shirking results in a lower employee bonus when reporting frequency is higher.

The predictions above depend on supervisors using the additional information generated
6Noise can also affect variability. At some point, if the noise factor has a high enough influence on

performance, variability may contain no information about whether an employee explored. However, in such
settings, it may not be productive to explore at all because the noise factor makes it difficult to understand
the relationships between actions and outcomes (Bohn, 1995).
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by the increased reporting frequency to reward effort as opposed to outcomes. Some super-

visors could exclusively reward outcomes because they find it fair to do so (Ghita, 2020)

or because they cannot anticipate how their evaluations will influence employees’ choices

(Krishnan et al., 2005). These supervisors will allocate low bonuses to all employees who

produced a low result regardless of whether they believe exploration or shirking caused the

low results.

Nevertheless, I expect that, on average, supervisors will use the additional information

generated by the increased reporting frequency to better align the bonuses employees receive

with their effort level. This is because, while some supervisors find it fair to reward outcomes,

many other supervisors find it fair to reward employee effort (Bol et al., 2015; Chan, 2018;

Maas et al., 2012). These supervisors do not need to anticipate how their employees will

react to their evaluations (Krishnan et al., 2005) to reward unsuccessful exploration.7

The Effects of Higher Reporting Frequency on Employees’ Choices

Hard-working employees will prefer to invest their effort in actions that are more likely

to produce outcomes that inform supervisors about their hard work. This is because em-

ployees’ bonuses are less influenced by factors outside their control if supervisors can infer

employees’ effort levels. Therefore, employees prefer performing actions that are likely to

produce informative outcomes since such actions require them to bear less risk (Cadsby et

al., 2019).8

7Supervisors may also ignore the additional information about employees’ variability in performance
generated by increasing reporting frequency because they consider that variability is uninformative about
employees’ effort levels. If employees anticipate that supervisors will reward variability, employees could
generate variability by alternating between shirking and exploiting. Thus, although it is likely true that
exploration results in a higher variability than shirking when employees perform the same action consistently
(He & Wong, 2004; March, 1991), supervisors may not interpret variability as a signal of exploration because
employees can also produce variability in results by strategically choosing when to shirk. I present argument
and evidence against this possibility in the Supplemental Experiment subsection.

8This argumentation assumes that most employees are risk-averse. This assumption is likely true given
that most people are risk-averse (Holt & Laury, 2002) and companies are unlikely to be able to select only
risk-seeking employees through their selection processes because these selection processes are designed to
achieve multiple objectives.
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When reporting frequency is low, employees may anticipate supervisors’ difficulty in in-

ferring whether unsuccessful exploration or shirking caused a low result. Given that reaction

to low results is likely to vary across supervisors, employees will be more uncertain about how

supervisors will evaluate low results when reporting frequency is lower. Because unsuccessful

exploration could be less likely to be rewarded, employees will need to bear more risk when

exploring. Employees who are not protected against the risk of exploration through tolerance

for failure explore less (Ederer & Manso, 2013; S. Lee & Meyer-Doyle, 2017; Manso, 2011).

Thus, employees will be less likely to explore when reporting frequency is lower. Moreover,

because low results are less likely to be punished, shirking will become a more attractive

action. Thus, employees will be more likely to shirk when reporting frequency is lower.

Employees’ exploitation efforts will likely also be affected by supervisors’ difficulty in

distinguishing unsuccessful exploration from shirking. Even if employees understand that

exploration is the optimal action from the perspective of company and supervisor, the high

chance that supervisors will observe effort invested in exploitation will make exploitation a

safer and possibly more attractive action for employees. Thus, employees will be more likely

to exploit when reporting frequency is lower. Formally stated, the hypothesis is:

H2: Employees explore more, exploit less, and shirk less when reporting frequency is

higher.

The hypothesis about employee choices is not without tension. If supervisors base their

evaluations on output and not on employee effort, employees will bear the entire risk of ex-

ploration regardless of reporting frequency. Employees understand supervisors are influenced

by luck in their evaluations (Brazel et al., 2016; Brownback & Kuhn, 2019). Therefore, if

employees correctly anticipate that supervisors base their evaluations on output, employee

choices will not be influenced by the reporting frequency.

Alternatively, supervisors could reward effort and ignore output while employees over-

estimate how much supervisors are influenced by output. This lack of mutual understanding
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between supervisors and employees about what supervisors value in their evaluation is a

documented cost of discretionary evaluations (Bol, 2008; Gibbons & Henderson, 2012; Luft

et al., 2016), and may mute the effect of increasing the reporting frequency.

Research Method

Task Design

I randomly assigned participants to assume the role of either a supervisor or an em-

ployee. One supervisor and one employee formed a company. In each of the ten periods,

employees provided costly effort on an abstract task designed to simulate the trade-off be-

tween exploration and exploitation. Employees’ effort choices and a noise factor determined

company profit in each period. Company profit is valuable to supervisors. Supervisors de-

cided how much of a fixed bonus pool to allocate to the employee in their company every five

periods. Thus, supervisors evaluated employees twice during the task. Supervisors received

reports containing their company’s profit information. In the High Reporting Frequency

condition, supervisors received profit reports every period, while in the Low Reporting Fre-

quency condition, supervisors received aggregated profit reports every five periods.

Employee Task

Every period, employees chose between working on their own personal project, a familiar

company project, and an unfamiliar company project. Working on their own personal project

generated a private benefit of 50 points for employees and did not contribute to company

profit. Working on a company project (either familiar or unfamiliar) did not generate private

benefits for the employee, but contributed to company profit. Employees could choose what

kind of company project to work on from the cells of a table like the one displayed in

Figure 1. Cells marked with a number represent working on a familiar company project and

cells marked with X represent working on an unfamiliar company project.

[Insert Figure 1 here]
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In the first period, the table contained one familiar project that contributed 200 points

to company profit and eleven unfamiliar company projects that contributed an unknown

amount of points to company profit. When the employee chose to work on a familiar company

project (a cell marked with a number), the employee contributed to company profit with the

number marked on that cell. To capture the learning effects of exploitation, the points

contributed to company profit from working on a familiar project increased in the remaining

periods. Specifically:

Profitnew = Profitold * 110%, for the first three periods in which the project is chosen.

Profitnew was rounded to the nearest integer. After the third period in which an employee

chose the same project, the profit associated with that project remained constant. Working

on the same project only produced improvements for a limited number of periods because

repeating the same activity is likely to produce only a limited amount of learning (Gupta et

al., 2013).

When employees chose to work on an unfamiliar company project (a cell marked with

an X), they discovered that project’s contribution to company profit (the X is replaced by

a number). The newly discovered project contribution became the employee’s contribution

to company profit in that period. The project became a familiar company project in all

remaining periods. All employees began the tasks with the following available company

projects:

[Insert Table 1 here]

The parameters in the table captured the theoretical outcomes of exploration and ex-

ploitation presented in the Theory section. Specifically, working on a familiar company

project (the operationalization of exploitation) resulted in a medium performance. Working

on an unfamiliar company project (the operationalization of exploration) was rarely success-

ful and produced variable results when exploration is unsuccessful.

To preclude participants from forming different expectations about the distribution of

15



the table based on their own experience, I informed both employees and supervisors about

the underlying distribution of the grid. In the real world, employees and supervisors likely

also hold beliefs about the outcomes of exploration, exploitation, and shirking, and those

beliefs are likely in line with the theoretical predictions on which I base the parameters.9

Supervisor Task

Supervisors received reports containing profit information and decided how much bonus

their employees would receive (Figure 2). Supervisors awarded the bonus twice, once after the

fifth period and again after the tenth period. Supervisors had full discretion in determining

the bonuses, which ranged between zero and 500 points.

[Insert Figure 2 here]

The bonuses were paid from a fixed bonus pool. Although some prior studies use a

variable bonus pool that increases as a function of an objective performance measure such

as company profit (Bailey et al., 2011; Fisher et al., 2005; Maas et al., 2012), I used a fixed

bonus pool because a variable bonus pool would have implicitly transferred some of the risk

of failure onto the employees, thus adding a confounding factor.

Payoffs

I used the following payoff functions (in points, with each point worth 0.01 euro) to

determine participants’ compensation:

Employee: First Bonus + Second Bonus + 50 * (Number of periods of working on their

own personal project)

Supervisor: 50% * (aggregate company profit during the last five periods)

Testing my hypotheses requires a setting where supervisors wanted to promote explo-

ration (i.e., for employees to work on unfamiliar company projects). Otherwise, no employees
9In addition to employees’ project choices, a noise factor ranging from zero to twenty points also affected

company profit. Both employees and supervisors knew about the existence and distribution of this noise
factor.
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would have chosen to work on unfamiliar company projects, transforming the setting into a

single-action agency problem. Therefore, to make exploration a desirable action, I based su-

pervisors’ compensation on the company’s profit in the last five periods. This compensation

scheme did not punish supervisors for the low results of unsuccessful exploration but allowed

them to benefit in case exploration was successful (Ederer & Manso, 2013; Manso, 2011).

Supervisors are more likely to want to promote employee exploration when working under

this compensation scheme as compared to a traditional pay-for-performance compensation

scheme in which their payoff would depend on employee performance in all ten periods.

Employees’ Optimal Choices from the Company’s Perspective

In this subsection, I discuss the sequence of project choices that maximizes expected

company profit. This sequence entails that employees always work on company projects, and

never work on their personal projects. In a single-period setting, the optimization strategy

entails choosing the type of project that maximizes expected company profit. Since the

expected value of the familiar company project is higher than the expected value of an

unfamiliar company project (200 points versus 102 points), the profit-maximizing employees

will work on the familiar company project.

When the employees make choices for more than one period, they have a chance to

learn: the employees can work on unfamiliar projects in the hope of discovering the project

that produces 400 points and choosing it in all remaining periods. Therefore, calculating the

expected outcome of each type of company project no longer leads employees to the optimal

strategy when the employees make choices for multiple periods because it underestimates

the value of working on unfamiliar company projects.

Profit-maximizing employees would always work on unfamiliar projects in the first peri-

ods (they would postpone working on familiar company projects until the later periods of the

task) because discovering the 400-point project in the early periods is more profitable than

discovering it in the later periods. Therefore, a possible strategy is to commit to a maximum
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number of periods in which to work on unfamiliar company projects (hereafter, a switching

point). If the employees would discover the 400-point project before the switching point, then

the employees would work on that project for all remaining periods. If the employees would

not discover the 400-point project before the switching point, then the employees would stop

working on unfamiliar company projects and choose the best familiar project available (the

200-point project) for the remaining periods. I present expected company profit for each

possible switching point in Table 2 and provide the Python program used to calculate this

in Appendix 1.10 Thus, as shown in Table 2, a risk-neutral company prefers that employees

choose to work on unfamiliar company projects for a maximum of three periods, then select

the most profitable familiar company project.

[Insert Table 2 here]

Given the difficulties of calculating the optimal switching point, participants likely would

not have been able to calculate the optimal switching point for themselves. Thus, participants

would have likely reached different conclusions about which employee choices result in the

highest payoff for supervisors and the company. This would have decreased the efficacy of

discretionary evaluations (Gibbons & Henderson, 2012), but it is not the focus of my study.

Therefore, to avoid such heterogeneous conclusions and increase the power of my tests,

I presented several hypothetical choices in the instructions explaining the optimal order of

choices for an employee who is interested in maximizing company profit. These examples also

included hypothetical payoffs for the supervisors and the company given different employee
10This strategy is naïve because the employees partially commit to a switching point and only depart

from the switching point if they find the 400-point project. However, a more effective strategy entails
determining the optimal switching point in a manner that goes beyond whether the 400-point project is
discovered. For example, it is more profitable to keep working on unfamiliar company projects after the
zero-point project is discovered than when a 120-point project is discovered because the expected profit of
the remaining unfamiliar company projects is higher when the zero-point project is discovered. Calculating
the optimal switching point using this strategy is more difficult and computationally expensive given how
large the decision tree becomes. However, because the naïve strategy underestimates how profitable it is
to work on unfamiliar company projects, the expected outcomes of the naïve strategy serve as a minimum
switching point.
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choices.

Procedures

Participants received an initial set of instructions (e.g. no communication, do not use

phones) before moving to the computer lab. I provided participants with a hardcopy of the

instructions and gave them fifteen minutes to read the instructions before starting the next

phase of the experiment.

The computerized portion of the experiment was programmed in OTree (Chen et al.,

2016). The computer experiment started with a quiz. Participants needed to correctly an-

swer every quiz question before proceeding with the next phase of the experiment. Then, all

participants completed five practice periods in which they assumed the role of an employee.

Their performance during the practice periods did not affect their final payoff. Then, I

randomly assigned participants to either the employee or supervisor role. Participants main-

tained their role throughout the session.

Participants performed the main task of the experiment four times during a session. I

randomly selected one of the four tasks as the payoff task, and participants received their

payoffs from this task. After each task, I randomly re-matched employees and supervisors

to form new companies. Therefore, an employee was unlikely to interact with the same

supervisor more than once during a session, and vice versa.

Each of the four tasks consisted of ten periods. In each period, employees chose be-

tween working on a familiar company project, working on an unfamiliar company project,

and working on their personal project. After every choice, employees received summary in-

formation that included their contribution to company profit, the amount of noise affecting

company profit, the change in available company projects for the remaining periods, and

the amount of private benefits they gained. The summary information also included the

employee’s complete history of project choices and outcomes.

After the employee’s project choices in periods five and ten, supervisors assigned a bonus
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to the employees in their companies. Employees indicated how much bonus they expected

to receive before being informed about their supervisors’ decision. At the end of every task,

supervisors indicated their expectations about the frequency with which employees in their

companies chose each type of project in the ten periods of that task.

Finally, participants completed an exit questionnaire. The exit questionnaire included

items for measuring participants’ perspective-taking abilities and risk attitudes. The exit

questionnaire also contained items intended to provide insights into participants’ decision-

making process during the experiment.

Participants

I recruited participants from the participant pool of an experimental economics labo-

ratory at a large European university. In total, 124 individuals participated in six sessions.

To ameliorate potential session effects, each session contained both experimental conditions.

Participants’ age in years ranged from eighteen to 58, with a mean of 21.51 and a median of

twenty years. In total, 51 participants (41.1%) were male and 70 participants (56.45%) were

female. Three participants did not disclose their gender. Participants reported an average

work experience of 1.18 years and 84 participants (67%) indicated economics or business

as their main area of study. Participants received a e5 participation fee in addition to the

payoff they earned during the experiment. On average, participants earned a total of e14.76

for about one hour of their time. The average payoff of participants in the role of supervisor

(e14.51) is similar to that of participants in the role of employee (e15.01).

Dependent Variables

Supervisors’ bonus allocation decisions were my primary dependent variable for super-

visor behavior. I examined three dependent variables related to employee behavior. First, I

measured exploration as the decision to work on an unfamiliar company project in a period.

This operationalization satisfies the definition of exploration because choosing to work on
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an unfamiliar company project involves experimenting with a new alternative for which the

outcome is unknown. Second, I measured exploitation as the decision to work on a familiar

company project in a period. The operationalization satisfies the definition of exploitation

because choosing to work on a familiar company project involves using existing knowledge

(how much profit does a project produce) to extract value and refining it in order to generate

greater marginal returns in future periods. Third, I measured shirking as the decision to

work on the personal project in a period. Baiman (1982) defines effort as a construct that

is controllable by the employee, creates disutility for the employee, and increases expected

output for the company. The operationalization of shirking (lack of effort) is appropriate

because working on the personal project is a choice the employees make, creates personal

benefits for the employees, and does not contribute to company profit.

For the main tests of the hypotheses, I examine supervisor bonus decisions and employee

choices in the first five periods of each task. I do so for two reasons. First, my theory assumes

that exploration has a high chance of failure. This assumption is more likely to be true in

the first five periods.11 Second, I assumed supervisors want to award bonuses that motivate

employees to exert effort and that employees anticipate this. This is more likely to be the case

before the first evaluation period because both supervisors and employees knew they would

continue to interact with each other after the evaluation. Therefore, supervisors knew that

they could motivate better choices from employees in the last five periods if they awarded an

appropriate bonus in the first evaluation period. In contrast, both supervisors and employees

knew that they would be unlikely to interact again after the second evaluation period. Thus,

supervisors were less likely to use the bonus in the second evaluation to motivate employees.

I measured participants’ risk attitudes in the post-experimental questionnaire using the

instrument developed by Holt & Laury (2002) (oTree implementation by Holzmeister (2017)).
11Table 3 presents the individual and cumulative probability of discovering the 400-point project depending

on the number of periods in which an employee chose to work on unfamiliar company projects. I inform
participants about the cumulative probability of discovering the 400-point project.
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My measure, RiskAversion, is the total number of safe choices from the instrument of Holt

& Laury (2002).12

[Insert Table 3 here]

Results

Randomization Check and Descriptive Statistics

Participants do not differ between the two treatments with respect to age, gender,

work experience, number of experimental sessions attended in the past month, perspective-

taking ability, and risk preferences. Results of a multiple linear regression do not reveal an

association between the measured characteristics and assignment to one of the conditions

(F(6, 117) = 0.84, p > 0.10, R2 = 0.04). In addition, participants are also similar in terms

of the same measured characteristics between the two roles (F(6, 117) = 0.78, p > 0.10, R2

= 0.04). These analyses suggest that random assignment was successful.

In total, I collected 2480 employee-period observations ([124 participants/2 roles] x 10

periods x 4 tasks) and 496 supervisor-evaluation observations ([124 participants/2 roles] x 2

evaluation periods x 4 tasks).13 Table 4 presents the bonuses allocated in the first evaluation

period by supervisors conditional on the number of periods of exploration and shirking across

the two conditions. Table 5 presents the proportion of employees who chose to explore,

exploit, and shirk, as well as the proportion of employees who successfully explored across

the two conditions and across the ten periods.
12I also measured perspective-taking ability using the Perspective-Taking Scale developed by Davis (1980)

because the effect of reporting frequency on employee/supervisor behavior may be stronger for participants
who are better at perspective taking. Additionally, understanding how differences in perspective-taking
ability affect employee behavior could add to our understanding of agency theory (Foss & Stea, 2014). I
find no meaningful interactions between perspective taking and reporting frequency when analyzing em-
ployee/supervisor behavior so I do not further discuss perspective taking.

13In five tasks, a technical error caused the computers to not update the table from the previous task.
Thus, five participants started a new task with the action table from the previous task. I eliminate the data
generated by these tasks from my analyses (50 employee-period observations and ten supervisor-evaluation
observations). It is unlikely that this technical issue affects the conclusions of the study because I am still
able to analyze approximately 98% of the data (243 out of the total of 248 tasks).
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[Insert Table 4 here]

[Insert Table 5 here]

Before testing the hypotheses I check whether the manipulation was effective. Results

from manipulation checks included in the post-experimental questionnaire suggest that most

employees were attentive to what information their supervisors received. I asked participants

what information did the reports presented to supervisors contain: “company profit for each

period separately”, or “only the aggregate and average profit for five periods”. 22 of the 31

employee-participants in the Low Reporting Frequency condition (70.97%) and 24 of the 31

employee-participants in the High Reporting Frequency condition (77.42%) answered this

question correctly.14 Since all participants also passed the understanding test in advance of

the experiment, I test the hypotheses with the full sample.15

Hypotheses Tests

The Effects of Higher Reporting Frequency on Supervisors’ Evaluations

H1a predicts that investing effort in unsuccessful exploration results in a higher em-

ployee bonus when reporting frequency is higher. To test H1a, I examine the interaction

between HighReportingFrequency (equal to 1 for the High Reporting Frequency condition

and 0 for the Low Reporting Frequency condition) and NumPeriodsExploration (the number

of periods in which the employees worked on an unfamiliar company project in the first five

periods) on FirstBonus (the bonus decision of the supervisor after period five). A positive

interaction coefficient would support H1a and suggest that an additional period of explo-

ration (as compared to an additional period of exploitation or shirking) increases the bonus
14The likelihood of employee-participants failing the manipulation check is not significantly different be-

tween conditions. The coefficient of HighReportingFrequency in a logit regression that examines the chance
of failing the manipulation check is β = 0.34, z = 0.58, p > 0.10, two-tailed.

15It is also possible that the wording or the positioning of the manipulation check question confused
participants. 26 of the 31 supervisor-participants in the low frequency condition (83.87%) and 28 of the 31
supervisor-participants in the high frequency condition (90.32%) answered the manipulation check correctly.
It is unlikely that supervisor-participants in the High Reporting Frequency condition did not notice or
remember the reporting frequency manipulation given that they needed to click a button in every period
after they received a report in order to advance the experiment.
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of the employee more in the High Reporting Frequency condition as compared to the Low

Reporting Frequency condition.

Specifically, I estimate the following linear regression:16

FirstBonus = NumPeriodsExploration + HighReportingFrequency + NumPeriodsExplo-

ration x HighReportingFrequency

To focus on the probability of rewarding unsuccessful exploration, I examine the tasks

in which employees did not discover the 400-point project. Table 6, Column 1 reports the

results of this regression. Consistent with H1a, the interaction coefficient is marginally

significant and positive (β = 29.50, t = 1.87, p < 0.10, two-tailed), indicating an additional

period of unsuccessful exploration increases the bonus more in the High Reporting Frequency

condition compared to the Low Reporting Frequency condition. This result supports H1a.

Through their bonus allocations, supervisors make exploration a more advantageous

action for employees when reporting frequency is higher.17 This, however, does not mean

that supervisors choose to exclusively reward effort (and ignore outcomes) when they become

better at inferring employees’ effort choices.18 Instead, exploration becomes more profitable

for employees because supervisors tolerate (rather than rewarding) unsuccessful exploration

in the High Reporting Frequency condition and punish unsuccessful exploration in the Low

Reporting Frequency. The coefficient of NumPeriodsExploration in Table 6, Column 1 is

significant and negative (β = -28.48, t = - 2.89, p < 0.01, two-tailed) indicating that super-

visors punish unsuccessful exploration in the Low Reporting Frequency and the interaction
16I use period-by-period data in all regressions reported in the paper (rather than one observation per

participant). Therefore, standard errors are clustered on the supervisor or employee level to control for
multiple observations within a participant.

17Supervisors in the Low Reporting Frequency condition do not offset their punishment of unsuccessful
exploration by rewarding successful exploration more. Successful exploration increases employee bonus to a
similar extent between the two reporting frequency conditions. In an untabulated analysis, I find that the
interaction between Found400, a dummy variable that takes the value 1 if the employee has discovered the
400-point project and 0 otherwise, and HighReportingFrequency is not statistically significant (β = 49.08, t
= 0.97, p > 0.10, two-tailed).

18I verify that supervisors are better at inferring employees’ effort choices when reporting frequency is
higher in the Additional Analyses subsection.
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term (β = 29.50, t = 1.87, p < 0.10, two-tailed) is high enough to only offset this negative ef-

fect. Indeed, when I only analyze data from tasks in which employees unsuccessfully explore

in all five periods, the coefficient of HighReportingFrequency is not statistically significant

(β = 23.18, t = 0.71, p > 0.10, two-tailed). These results suggest that supervisors do not

use all the information available to them to reward profitable (in expectations) and effortful

employee actions, preferring instead to partially reward uncontrollable outcomes.

[Insert Table 6 here]

H1b predicts shirking results in a lower employee bonus when reporting frequency is

higher. To test H1b, I examine the interaction between HighReportingFrequency and NumPe-

riodsShirking (the number of periods in which the employees worked on the personal project

in the first five periods) on FirstBonus. A negative interaction coefficient would support H1b

and suggest that an additional period of shirking (as compared to an additional period of

exploitation or exploration) decreases the bonus of the employee more in the High Reporting

Frequency condition as compared to the Low Reporting Frequency condition. Specifically, I

estimate the following linear regression:

FirstBonus = NumPeriodsShirking + HighReportingFrequency + NumPeriodsShirking

x HighReportingFrequency

I did not drop tasks in which the employee has successfully explored when testing the

effect on shirking on bonuses because supervisors in the Low Reporting Frequency condition

are likely unaware that the employee is no longer facing an exploration-exploitation trade-

off. Therefore, the employees could use this ambiguity to shirk after they have successfully

explored.

Table 6, Column 2 reports the results of this regression. Consistent with H1b, the

interaction coefficient is statistically significant and negative (β = -86.60, t = -6.54, p <

0.01, two-tailed), indicating an additional period of shirking decreases the bonus more in the

High Reporting Frequency condition compared to the Low Reporting Frequency condition.
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This result supports H1b.

The Effects of Higher Reporting Frequency on Employees’ Choices

H2 predicts employees explore more, exploit less, and shirk less when reporting frequency

is higher. To test H2, I examine the effect of HighReportingFrequency on the following three

variables:

• Exploration, equal to 1 if the employee works on an unfamiliar company project in a

period, and 0 otherwise

• Exploitation, equal to 1 if the employee works on a familiar company project in a

period, and 0 otherwise

• Shirking, equal to 1 if the employee works on a personal project in a period, and 0

otherwise

Specifically, I estimate the following logit model:

Y = HighReportingFrequency + Period

Where Y is either Exploration, Exploitation or Shirking

Since the predictions are based on the assumption that employees are facing an exploration-

exploitation tradeoff, I drop all employee-period observations that occur after the employee

had discovered the 400-point project in a given task, as the employee no longer faces an

exploration-exploitation trade-off in these periods.19 Similar to the test of H1b, I do not drop
19Because the dependent measures are censored after an employee discovers the 400-point project, I test

whether censoring affects the results. Discarding the censored observations introduces a downward bias in
the coefficient of HighReportingFrequency. To control for censoring, I can use Inverse Probability Weighting
(IPW) (Wooldridge, 2007) which gives a higher weight to observations that had a higher likelihood of being
censored. The likelihood of being censored is calculated based on the chance of discovering the 400-point
project given how many periods the employee has explored in a given task. I can use IPW because my
design allows me to precisely calculate the change of being censored in each period and employees are similar
to each other because of random assignment (Wooldridge, 2007). I find qualitatively similar results when I
correct for censoring using IPW (results untabulated). Therefore, I conclude censoring does not significantly
affect my results.

26



these employee-period observations when examining the effect on shirking. As explained in

the Dependent Measures subsection, I drop all observations after the fifth period.

Table 7 reports the results of these analyses. HighReportingFrequency does not have

a statistically significant effect on Exploration (β = 0.41, z = 0.89, p > 0.10, two tailed),

Exploitation (β = -0.40, z = -0.78, p > 0.10, two tailed) or Shirking (β = -0.11, z = -0.2, p

> 0.10, two tailed). Thus, I do not find support for H2.

[Insert Table 7 here]

Additional Analyses

The previous tests suggest employees did not change their behavior when their super-

visors received more frequent reports. In this subsection, I begin by testing the assumption

that led me to predict that employees will change their behavior when their supervisors

received more frequent reports. I examine (1) if supervisors are more likely to correctly

identify employee actions when reporting frequency increases, (2) if employees correctly an-

ticipate that their supervisors will be more likely to reward unsuccessful exploration and

punish shirking when reporting frequency increases, and (3) if employees behave differently

in the last task after they had a chance to learn how supervisors evaluate them. Afterward,

I investigate if employees’ risk-aversion moderates the relationship between reporting fre-

quency and employee exploration. Finally, I examine the supervisors’ bonus allocations in

the second evaluation period.

Supervisors’ Beliefs about Employee Choices

In my theory development, I assumed supervisors are more capable of observing the ef-

fort invested in exploration as reporting frequency increases. The experimental design allows

me to test this assumption. In the post-experiment questionnaire, supervisors indicated their

agreement with the statement “I could determine how many periods the employees worked

on unfamiliar company projects based on the profit figures reported to me” on a Likert Scale

from 1 (strongly disagree) to 5 (strongly agree). Supervisors in the High Reporting Fre-
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quency condition indicated stronger agreement (mean = 3.80) than supervisors in the Low

Reporting Frequency condition (mean = 3.10) (t = 3.07, p < 0.05, two-tailed). This suggests

supervisors believe they are more capable of observing effort invested in exploration when

reporting frequency is higher.

At the end of every task, supervisors answer the question: “how many periods do you

think the employee chose to work on an unfamiliar company project?” For each of the four

tasks, I calculated the absolute difference between (1) supervisors’ expectations about the

number of exploration periods (the response to the previous question) and (2) the actual

number of exploration periods chosen by employees. Then, I regress this difference on High-

ReportingFrequency. Results (untabulated) reveal this difference is smaller when reporting

frequency increases (β = -0.83, t = -2.05, p < 0.05, two-tailed) suggesting that supervisors

are more capable of observing effort invested in exploration as reporting frequency increases.

Employees’ Beliefs about Bonus Allocations

In my theory development, I assumed employees are more likely to believe that investing

effort in unsuccessful exploration results in a higher bonus when reporting frequency is higher.

I also assumed that employees are more likely to believe that shirking results in a lower

bonus when reporting frequency is higher. To test these assumptions, I analyze employees’

expectations about how much bonus they will receive in the first evaluation period. The

regression specifications and sample are similar to those reported in Table 6, Columns 1

and 2, except that the dependent measure is ExpectedFirstBonus (EFB), which captures

employees’ expectations about how much bonus they will receive in the first evaluation

period. Table 6, Column 3 reports the results of the regression that analyzes the expected

effect of unsuccessful exploration on bonuses. The interaction coefficient is not statistically

significant (β = 15.34, t = 0.78, p > 0.10, two-tailed). Table 6, Column 4 reports the results

of the regression that analyzes the expected effect of shirking on bonuses. The interaction

coefficient is not statistically significant (β = -36.32, t = -1.49, p > 0.10, two-tailed). These
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results do not support the assumption that employees are more likely to expect effort invested

in unsuccessful exploration to result in a higher bonus and shirking to result in a lower bonus

when reporting frequency is higher.

Employee Choices in the Last Task

Employees explore more and exploit less when reporting frequency is higher in the

last tasks. This is consistent with the idea that employees learn that exploration is more

advantageous when reporting frequency is higher (H1a). When I run the regressions used

to test H2 (the models presented in Table 7) with a subsample of observation from the last

task, I find that HighReportingFrequency has a marginally significant and positive effect on

Exploration (β = 0.85, z = 1.52, p < 0.10, one-tailed), a significant and negative effect on

Exploitation (β = -1.12, z = -1.67, p < 0.05, one-tailed) and no significant effect on Shirking

(β = -0.10, z = -0.15, p > 0.10, one-tailed).20

The Moderating Effect of Risk Aversion on Employee Choices

Employees’ risk aversion might influence the effect reporting frequency has on explo-

ration. My theory suggests that increasing reporting frequency increases the probability

that exploration will be rewarded regardless of whether luck determines that exploration is

successful. Risk-averse employees do not want their bonus to be influenced by luck so they

will explore more when reporting frequency increases. This line of argument suggests that

my prediction will only apply to risk-averse employees. However, it is also possible that ex-

tremely risk-averse employees believe their supervisors do not want them to explore. People’s

own risk-aversion strongly influences their beliefs about other’s risk aversion (Chakravarty

et al., 2011) so extremely risk-averse employees may believe their supervisors will not reward

exploration (a relatively risky action) because they do not want them to explore. More-
20One-tailed tests are appropriate because the tension underlying these tests is whether or not employees

learn that effort invested in unsuccessful exploration in the first five periods results in a higher bonus when
reporting frequency is higher. Given that supervisors reward unsuccessful exploration more in the first five
periods when reporting frequency is higher, I cannot find a reason why employees would conclude that
unsuccessful exploration results in a lower bonus when reporting frequency is higher.
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over, because exerting effort involves accepting uncertainty when supervisors have discretion

over employees’ rewards (Bol, 2008), extremely risk-averse employees may not exert effort

regardless of the information reported to supervisors. Given these possible interactions with

employees’ risk aversion, investigating if risk aversion moderates the effect of reporting fre-

quency on exploration is informative.

I investigate if there is a significant interaction between RiskAversion and HighReport-

ingFrequency on Exploration. Recall that I created the RiskAversion measure by adding the

total number of safe choices from the instrument developed by Holt & Laury (2002). The in-

teraction between RiskAversion and HighReportingFrequency is marginally significant (β =

-0.46, t = -1.71, p < 0.10, two-tailed) indicating that changing reporting frequency increases

exploration less when employees are more risk-averse. When I run the regressions used to

test H2 (the models presented in Table 7) with a subsample of employees who report levels of

risk-aversion that are lower or equal to the sample median (39 employee-participants, 62.90%

of the total sample of 62 employee-participants), I find that HighReportingFrequency has a

significant and positive effect on Exploration (β = 1.28, z = 2.08, p < 0.05, two-tailed), a

marginally significant and negative effect on Exploitation (β = -1.21, t = -1.79, p < 0.10,

two-tailed) and no significant effect on Shirking (β = -0.13, t = -0.16, p > 0.10, two-tailed).

Consistent with the idea that employees’ own risk-aversion affects their beliefs about whether

their supervisor will reward risky actions, I find that less risk-averse employees believe that

their supervisors will reward unsuccessful exploration. When I run the regressions used

to test whether employees believe unsuccessful exploration will be rewarded (the models

presented in Table 6, Column 3) with a subsample of employees who report levels of risk-

aversion that are lower or equal to the sample median, I find that the interaction between

NumPeriodsExploration and HighReportingFrequency is marginally significant (β = 40.97, t

= 1.78, p < 0.10, two-tailed) indicating that these employees believe that effort invested in

unsuccessful exploration results in a higher bonus when reporting frequency is higher.
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Bonus Allocations when Exploration Decreases Supervisors’ Payoffs

I analyze supervisors’ bonus allocation in the second evaluation period of a task. Su-

pervisors’ incentives are different in the second evaluation period as compared to the first

evaluation period. First, unsuccessful exploration decreases supervisors‘ payoffs more in the

periods before the second evaluation period as compared to the periods before the first eval-

uation period. This is because the supervisors’ payoffs only depended on company profit

in the last five periods of each task. Second, because of the anonymous rematching after

each task, supervisors are unlikely to interact with the same employee after the second eval-

uation period. Thus, supervisors are less motivated to allocate bonuses that they expect

will increase employee effort in future interactions. Instead, prior literature suggests that

supervisors are guided by their fairness concerns in such situations (Maas et al., 2012).

I find that, in the second evaluation period, supervisors are more likely to punish un-

successful exploration when reporting frequency is higher. I analyze the effect of employees’

choices in the last five periods of the task on supervisors’ bonus allocations in the second

evaluation period using the same models as the ones used to test H1a and H1b (the models

presented in Table 6, Columns 1 and 2). I find that the interaction between HighReport-

ingFrequency and NumPeriodsExploration is significant and negative (β = -53.89, t = -2.45,

p < 0.05, two-tailed) indicating an additional period of exploration decreases the bonus

more in the High Reporting Frequency condition compared to the Low Reporting Frequency

condition.21

Supervisors punish an effortful employee action, unsuccessful exploration, more when

reporting frequency increases and they become better at inferring employees’ effort choices.

Previous literature suggests that providing additional information to supervisors decreases

the risk imposed on employees when they perform risky and effortful actions partially be-
21The interaction between HighReportingFrequency and NumPeriodsShirking remains significant and neg-

ative (β = -34.28, t = -2.28, p < 0.05, two-tailed) indicating an additional period of shirking decreases the
bonus more in the High Reporting Frequency condition compared to the Low Reporting Frequency condition.
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cause fairness concerns drive supervisors to reward effortful actions (Arnold et al., 2018;

Chan, 2018; Maas et al., 2012). This result suggests that providing additional information

to supervisors can also increase the risk imposed on the employees and that supervisors’

incentives are likely an important determinant of how supervisors use this additional infor-

mation.

Supplemental Experiment
An important assumption in my theory development is that supervisors interpret vari-

ability in employee results as a signal of employee exploration. This assumption may not

necessarily be true if supervisors believe employees act strategically. If employees anticipate

that supervisors will reward variability, employees could generate variability by alternating

between shirking and exploiting. Thus, although it is likely true that exploration results in a

higher variability than shirking when employees perform the same action consistently (He &

Wong, 2004; March, 1991), supervisors may not interpret variability as a signal of exploration

because employees can also produce variability in results by strategically choosing when to

shirk.

Despite this, I expect most supervisors will interpret the variability in results as em-

ployee exploration. First, the logic outlined above assumes individuals have full strategic

thinking capabilities, that is, they fully incorporate others’ strategy into their decisions.

Research finds that most people do not have full strategic thinking capability (Camerer et

al., 2004; Cardinaels et al., 2018). Therefore, supervisors may not realize that employees

would intentionally induce variability in their results to appear as if they have unsuccess-

fully explored. Second, because supervisors have private incentives to give high bonuses to

employees (Ahn et al., 2010; Bol et al., 2016), supervisors may be willing to put more weight

on any piece of information that justifies giving the employee a high bonus (Du et al., 2018;

Moers, 2005). Thus, supervisors could increase the bonus of employees when they observe
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variability in performance even though they understand that variability is not an unequivo-

cal signal of employee exploration. Third, employees may not have a strong incentive to fake

exploration because they are uncertain whether supervisors will (1) interpret variability as

exploration and (2) reward exploration (Bol, 2008; Gibbons & Henderson, 2012; Luft et al.,

2016).

The lab experiment allowed employees to generate variability by strategically shirk-

ing. However, in my lab design, employees could perform a single action in a given period.

This partially limited employees’ ability to induce variability in results when not exploring.

Therefore, to provide additional evidence that supervisors interpret variability in results as

a signal of employee exploration, I performed an additional case-based experiment. This ex-

periment was also intended to provide additional insights into how variability in performance

influences supervisors’ bonus allocations.

Design

Participants assumed the role of a regional manager of a company that sells bever-

ages from semi-mobile stands and received performance information about two salespeople.

Participants’ main task was to indicate how likely they thought each salesperson was to

explore and to allocate a bonus to each salesperson. I manipulated reporting frequency

between subjects by providing participants with monthly sales reports in the High Report-

ing Frequency condition and aggregated sales reports for six months in the Low Reporting

Frequency condition. Within subjects and nested within the High Reporting Frequency

condition, I manipulated the variability in the results of each salesperson.

Participants read a hypothetical case scenario about a company (CoffeeAndGo) that

sells beverages from semi-mobile stands. Participants needed to evaluate two of the sales-

people working for CoffeeAndGo. Participants learned that because the sales network of

CoffeeAndGo was dispersed, salespeople were not directly monitored and could freely de-

cide how many hours to work and wherein their sales area to place their semi-mobile stand.
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Salespeople could decide if they would explore by moving their stand to a new location to

possibly discover a more profitable selling location, or exploit by keeping the stand in their

usual selling location. Employees could also shirk by working fewer hours.

Participants were informed about how CoffeeAndGo expected exploration to affect per-

formance. Participants learned that salespeople could maximize their long-term profit by

discovering the most profitable location in which to place the stand. The case informed

participants that salespeople could only discover the profit potential of a new location by

selling in that location. Participants also learned that it usually took a salesperson between

two and three months to discover the profit potential of a new location and that most new

locations had lower profit potential than the usual selling location of a salesperson.

In their role as regional managers, participants needed to allocate bonuses to two sales-

people under their supervision, Bob Stevens and Mark Jonson. The case informed partic-

ipants that they were expected to maintain a long-term supervisory relationship with Bob

and Mark and that regional managers had full discretion in allocating salespeople a mid-year

bonus between $0 and $1,000. To ensure that participants were not motivated to underes-

timate performance in order to use the unallocated bonus for their own interest, they were

informed that money that was not rewarded to the salespeople was redistributed to the com-

pany bonus pool. Before making the bonus decision, participants indicated how likely they

thought each salesperson was to have explored.

The case indicated that CoffeeAndGo provides regional managers with performance

reports containing profit information for the current year and, for comparison, profit infor-

mation for the same period in the previous year. Participants learned that both salespeople

performed worse than they had in the previous year. Bob generated $22,000 this year as

compared to $24,000 in the previous year and Mark generated $22,500 this year as compared

to $24,500 in the previous year. In the High Reporting Frequency condition, participants

could observe that the variability in Bob’s results was higher than the variability in Mark’s
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results. Specifically, Bob performed relatively well for four out of the six months (his average

performance in these four months was similar to Bob’s average performance in the previous

year, $4,000) and poorly for two consecutive months (his average performance in these two

months was $3,000). Mark had little variability in his results and constantly performed worse

than in the previous year (his average performance per month was $3,750 as compared to

$4,083 in the previous year).

The case indicated that there was no evidence of changes in selling conditions (e.g.

demand, competitors) between this year and the last and that profit largely depended on how

many hours salespeople worked and on the location of the semi-mobile stand. Participants

learned that the two salespeople they needed to evaluate, worked in different sales areas of

the same city and that they faced similar selling conditions.

The primary purpose of this supplemental experiment was to investigate if supervisors

interpret variability in employee performance as a signal of exploration. Therefore, the

main dependent variable relates to participants’ assessment of how likely each employee

was to have explored. To capture this, participants indicated on a seven-point Likert scale

how much they agreed with the following sentences: “I believe that Bob [Mark] changed

his location during the first six months of the current year”. To capture how observing

variability influenced supervisors’ assessments of the likelihood of employee exploration, I

examine whether participants were more likely to believe that Bob explored than they were

to believe that Mark explored. Given that in the High Reporting Frequency condition,

participants could observe that Bob had higher variability in performance than Mark, a

higher difference between Bob and Mark in the High Reporting Frequency condition than in

the Low Reporting Frequency condition would provide support for the idea that supervisors

interpret variability in employee performance as a signal of exploration. To provide further

insight into how reporting frequency affects supervisors’ bonus allocations, I also analyzed

supervisors’ bonus decisions.
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I used Prolific to recruit 76 participants who reported having supervisory duties at work.

Prolific is a crowdsourcing platform that allows researchers to collect data from specific target

populations. When participants sign up to Prolific, they fill out a survey about themselves in

which they report, among other things, their work responsibilities (Palan & Schitter, 2018).

Researchers are then able to prescreen participants based on these reported characteristics.

Using this feature, I recruited participants who reported having supervisory duties at work

and authority to give instructions to at least one employee. To avoid misunderstanding of

the case due to language issues, I required participants to reside in the United States or the

United Kingdom and to speak English as a first language. Participants who fulfilled these

criteria could follow a link to a Qualtrics instrument. All the data were collected within one

session. Participants were randomly assigned to one of the two conditions by Qualtrics.22

Participants read the case description and needed to correctly answer eight understand-

ing questions to proceed to the main decision of the study and to receive the participation

fee. Participants who failed to correctly answer all the understanding questions reread the in-

structions and could attempt to answer the understanding questions again. Participants who

failed to correctly answer all understanding questions during their second attempt were not

allowed to participate in the study and were not compensated. I informed the participants

about this procedure at the beginning of the instructions.

In total, 125 participants attempted to complete the study. Out of these, I eliminated

28 participants because they attempted to complete the study on a mobile device although

I requested through the Prolific platform that participants needed to use a desktop device.

Three participants did not attempt to answer the understanding questions. During the first

attempt, 31 participants failed to correctly answer all the understanding questions. Out of
22Participants do not differ between the two treatments with respect to age, gender, work experience,

employment status (full-time worker or part-time worker), supervisory experience, number of subordinates
and self-reported optimism, risk preferences, and propensity to trust others. Results of a multiple linear
regression do not reveal an association between the measured characteristics and assignment to one of the
conditions (F(9, 66) = 0.98, p > 0.10, R2 = 0.11).
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these 31 participants, six did not attempt to answer the attention questions again and twelve

failed to correctly answer the attention questions during their second attempt. Therefore,

the main sample contains 76 participants.

Out of the 76 participants, 33 (43.42%) were male and 43 (56.58%) were female. On

average, participants were 35.72 years old. Participants reported an average of 16.29 years

of work experience and 5.57 years of supervisory experience. Participants reported having

an average of 4.14 (direct and indirect) subordinates at work.

After the main decision, participants completed a post-experimental questionnaire. This

questionnaire contained items that collected information about participants’ work experience

and provided insights into participants’ decision-making process during the experiment. Par-

ticipants who successfully completed the study received $1.70 for an average of approximately

nine minutes of their time (resulting in an average hourly rate of $11.45).

I included one item in the post-experimental questionnaire to check whether participants

remembered the frequency with which they received reports about employee performance.

I asked participants to indicate what the profit reports presented to them contained: “the

profit generated for each month separately”, or “only the aggregated profit generated for all

the six months”. In both conditions, all participants correctly indicated the frequency of the

performance reports.

Results

Table 8 presents descriptive statistics for each of the two experimental conditions. Panel

A presents participants’ assessment of how likely each employee was to explore and the differ-

ences in assessment between the two employees i.e., the assessment of whether Bob (partic-

ipants could observe that this employee had high variability in results in the High reporting

frequency condition) explored minus the assessment of whether Mark (participants could

observe that this employee had low variability in results in the High reporting frequency

condition) explored, indicated by Difference. This difference in assessment between Bob
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and Mark is higher in the High Reporting Frequency condition (mean = 2.00, sd = 2.20)

than in the Low reporting frequency condition (mean = 0.11, sd = 0.39). The difference is

statistically significant according to Welch’s t-test (unequal variances t-test)23, t(39.27) =

5.19, p < 0.01 (one-tailed).24 Participants are more likely to believe Bob explored in the

High Reporting Frequency condition (mean = 5.47, sd = 1.17) than in the Low Reporting

Frequency condition (mean = 4.92, sd = 1.36) according to Welch’s t-test, t(72.50) = 1.89,

p < 0.05 (one-tailed) and are less likely to believe that Mark explored in the High Report-

ing Frequency (mean = 3.47, sd = 1.67) condition than in the Low Reporting Frequency

condition (mean = 4.82, sd = 1.45) according to Welch’s t-test, t(72.53) = 3.74, p < 0.01

(one-tailed). These results support the idea that supervisors interpret variability in employee

performance as a signal of exploration.

These differences in assessments influence participants’ bonus decisions. Table 8, Panel

B presents the bonuses awarded across the two conditions. The difference in bonus between

the two employees is higher in the High Reporting Frequency condition (mean = 92, sd = 218)

as compared to the Low Reporting Frequency condition (mean = -33, sd = 57). Welch’s

t-test, t(42.06) = 3.39, p < 0.01 (two-tailed) confirms that the difference is statistically

significant. Participants allocate a higher bonus to Bob in the High Reporting Frequency

condition (mean = 569, sd = 270) than in the Low Reporting Frequency condition (mean

= 454, sd = 267) according to Welch’s t-test, t(73.99) = 1.86, p < 0.10 (two-tailed). This

indicates that, in a setting where employees can learn by exploring, supervisors who observe

variability in employees’ results increase employees’ bonuses. Participants allocate similar
23I use Welch’s t-test instead of the more widely used Student’s t-test because Welch’s t-test produces

more robust results when the underlying population variances are unequal and does not reduce power when
the underlying population variances are equal (Ruxton, 2006). Results remain qualitatively similar if I use
Student’s t-test.

24To examine whether this result was driven by inexperienced supervisors, I perform the t-test on a
subsample of participants that report more than two years of supervisory experience (n = 43). The results
are consistent with the full-sample analysis (t(19.28) = 4.33, p < 0.01, one-tailed) indicating that the result
is not driven by inexperienced participants.
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bonuses to Mark in the High Reporting Frequency condition (mean = 478, sd = 277) as

compared to the Low Reporting Frequency condition (mean = 487, sd = 276) according to

Welch’s t-test, t(74.00) = 0.15, p > 0.10 (two-tailed). This indicates that supervisors who

observe little variability in employees’ results do not decrease employees’ bonuses.

Finally, I find that some supervisors do not change their evaluations when reporting

frequency increases. These supervisors base evaluations on employees’ outcomes instead

of employees’ effort choices. In the post-experimental questionnaire, participants indicated

how much their bonus decision was influenced by rewarding salespeople for their effort and

how much their bonus decision was influenced by rewarding salespeople for the profit they

generated. Similar to an analysis performed by Maas et al. (2012), I classify participants

as prioritizing profit over effort in their evaluations if they indicated that they were more

influenced by profit than by effort. Based on this criterion, I classify 30 out of the 76

participants (39.47%) as supervisors who prioritize rewarding profit over effort. Table 8,

Panel C presents how this classification influences bonuses across the two conditions. In the

High Reporting Frequency condition, the difference in bonuses between Bob and Mark is

not significantly higher than 0 when analyzing participants who prioritize profit over effort,

(mean = 20, sd = 24, t(16) = 0.80, p > 0.10, two-tailed) and is significantly higher than

0 when analyzing participants who do not prioritize profit over effort (mean = 150, sd =

59, t(20) = 2.55, p < 0.05, two-tailed). Supervisors who prioritize profit over effort in their

evaluations do not incorporate their inferences about employee exploration in the bonus

decisions. When analyzing participants who prioritize profit over effort, the bonus difference

between Bob and Mark are statistically similar when participants considered Bob was more

likely to explore than Mark (mean = 8, sd = 29) and when they do not consider this (mean

= -16, sd = 19) according to Welch’s t-test, t(19.55) = 0.66, p > 0.10 (two-tailed). When

analyzing participants who do not prioritize profit over effort, the bonus difference between

Bob and Mark are higher when participants considered Bob was more likely to explore than
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Mark (mean = 158, sd = 65) than when they do not consider this (mean = -21, sd = 13)

according to Welch’s t-test, t(19.42) = 2.70, p < 0.05 (two-tailed).

[Insert Table 8 here]

Discussion and Conclusion
I investigate whether reporting frequency affects supervisor evaluation decisions and

employee experiential learning in a discretionary evaluation setting. I find that investing

effort in exploration results in a higher employee bonus when reporting frequency increases.

However, when supervisors are better able to observe unsuccessful exploration, they toler-

ate, instead of rewarding, unsuccessful exploration. Results from a supplemental case-based

experiment provide additional evidence for the effect of reporting frequency on supervisors’

evaluations. I do not find evidence that employees explore more when reporting frequency

increases. Employees likely do not change their exploration behavior because they do not

anticipate that investing effort in exploration results in a higher bonus when reporting fre-

quency increases.

My contribution to research is threefold. First, I contribute to the management ac-

counting literature by examining if reporting frequency, a control system choice, influences

the exploratory behavior of employees in a discretionary evaluation setting. Except for a few

studies (Campbell, 2008; Campbell et al., 2011), the relationship between management con-

trol choices and employee experiential learning has remained unexplored in a discretionary

evaluation setting. I find a higher reporting frequency allows supervisors to better observe

exploration and increases the bonus employees obtain by exploring. However, employees do

not explore more when reporting frequency is higher. This suggests that providing supervi-

sors with more information about employee exploration by increasing reporting frequency is

not necessarily sufficient to increase employee exploration.

Second, I contribute to the literature on discretionary evaluations by providing evidence
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consistent with an additional cost of the uncertainty inherent in discretionary evaluations.

The lack of mutual understanding between supervisors and employees about how specific

outcomes will be rewarded is a documented cost of discretionary evaluations (Bol, 2008;

Gibbons & Henderson, 2012; Luft et al., 2016). Previous accounting literature highlights

three consequences of this uncertainty. First, risk-averse employees are likely to reduce their

effort because of the uncertainty related to how results will be interpreted and rewarded

(Bol, 2008). Second, employees may not understand which decisions will be rewarded by

the supervisors and, as a result, fail to implement those decisions (Luft et al., 2016). Third,

employees may not develop accurate predictions about their evaluations and, therefore, ex-

perience negative surprises when discovering their actual evaluation (Luft et al., 2016). My

results suggest a fourth cost. Employees can fail to anticipate which actions supervisors will

reward in a multitasking setting. This makes supervisors less effective at directing employee

effort through their bonus decision than previously thought.

Third, I contribute to the growing behavioral literature that examines the value of

providing supervisors with additional information (Casas-Arce et al., 2017; Hecht et al., 2020;

Luft et al., 2016). Agency theory suggests when companies report additional information,

supervisors use all this information to increase evaluation accuracy (Feltham & Xie, 1994;

Golman & Bhatia, 2012). I find that supervisors do not necessarily use all this information

to reward effortful employee actions, preferring instead to partially reward uncontrollable

outcomes. This suggests that providing additional information to supervisors may be less

beneficial than predicted by formal models.

Future research can build on my study in several ways. First, employee-supervisor dyads

in my experiment could not develop a relational contract beyond the two evaluation decisions

(Gibbons & Henderson, 2012). More evaluation periods in a similar situation may allow

supervisors and employees to develop a shared understanding of how the profit information

will be used in future evaluations. This could increase the usefulness of increasing reporting
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frequency because employees have more chances to learn how supervisors will evaluate them.

Second, my study focuses on a setting in which employees’ actions produce an immediate

response in the outcome measure. Examining a setting in which actions produce delayed

responses and employees can learn by experience would be interesting to researchers given

how difficult motivating learning in such settings is likely to be. If actions produce a delayed

response, learning will become difficult for most employees (even in the absence of any

incentive problem) (Gibson, 2000). Supervisors’ task would also become more complex given

that current period outcomes are no longer informative about the employees’ actions in the

current period.
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Appendix 1 - Python Optimal Choice Calculation
from itertools import permutations

PROG= [1.1 , 1.1 , 1.1 , 1]

A = [0,0,60,60,80,80,100,100,120,120,400]

totalPeriods=10

explorationNr = 1

SOLUTION = []

MAX = max(A)

KNOWN = 200

#function for calculating the outcome of exploitation

def calculateExploit(value, timesValueAppeared, remainingTimes):

s = 0

for i in range(timesValueAppeared - 1, timesValueAppeared - 1 + remainingTimes, 1):

if i > len(PROG) - 1:

s = s + value

continue

s = s + value

value = int(round(value * PROG[i]))

return s

#Calculating the expected outcome of no exploration

SOLUTION.append([calculateExploit(KNOWN, 1, totalPeriods),0])

#creates a dictionary with the amount of instances of

#every number in the grid (e.g. 400 appears once and 0 appears twice)

numbersDictionary = dict()

for nr in A:

if nr in numbersDictionary:

numbersDictionary[nr] = numbersDictionary[nr] + 1

else:

numbersDictionary[nr] = 1

while explorationNr <= totalPeriods:

expectedOutcome = 0

#calculates all possible draws given the number of explorations

#(e.g. for two explorations it looks like (0,0),(0,20) etc)

arrangements = set(list(permutations(A, explorationNr)))
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pTotal=0

for arrangement in arrangements:

currentNumbersDictionary = dict(numbersDictionary)

S = 0

P = 1

maxNr = KNOWN

periodsFound = 0

aLength = len(A)

for count, exploredNr in enumerate(arrangement, start=1):

if periodsFound == 0:

if exploredNr == MAX:

maxNr = MAX

periodsFound = periodsFound + 1

S = S + exploredNr

else:

S = S + maxNr

if periodsFound < len(PROG) - 1:

maxNr = maxNr * PROG[periodsFound - 1]

periodsFound = periodsFound + 1

P = float(P) * float(currentNumbersDictionary[exploredNr] )/ aLength

currentNumbersDictionary[exploredNr] = currentNumbersDictionary[exploredNr] - 1

aLength = aLength - 1

currentPeriod=count

if periodsFound == 0:

S = S + calculateExploit(maxNr, 1, totalPeriods - currentPeriod)

else:

S = S + calculateExploit(maxNr, periodsFound, totalPeriods - currentPeriod)

pTotal=float(pTotal)+float(P)

expectedOutcome = expectedOutcome + S * P

SOLUTION.append([expectedOutcome, explorationNr])

explorationNr = explorationNr + 1

print(SOLUTION)
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Figure 1: Example of Employees’ Decision Screen

This figure shows the screen employees saw when making their decision in period one.

50



Figure 2: Examples of Supervisors’ Evaluation Screen

This figure shows the screen supervisors saw when making their evaluation decision after period five

for both Reporting Frequency conditions.
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Table 1: Company Projects in Period One

200 400 0 0
(familiar) (unfamiliar) (unfamiliar) (unfamiliar)

60 60 80 80
(unfamiliar) (unfamiliar) (unfamiliar) (unfamiliar)

100 100 120 120
(unfamiliar) (unfamiliar) (unfamiliar) (unfamiliar)

Table 2: Expected Outcome for Each Switching Point

Switching
point 0 1 2 3 4 5 6 7 8 9 10

Expected
outcome 2524 2565 2600 2628 2623 2616 2607 2596 2593 2596 2603

This table presents the expected outcome (rounded to the nearest integer) for each switching point.
A switching point is the maximum number of periods that an employee decides to work on unfamiliar
company projects. If the employee discovers the 400-point project before the switching point, then
the employee works on that project in all remaining periods. If the employee does not discover
the 400-point project before the switching point, then the employee stops working on unfamiliar
company projects and chooses the best familiar company project available (the 200-point project)
in the remaining periods.
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Table 3: Probabilities of Discovering the 400-Point Project

Probability per period

Period Formula Result Cumulative probability

1 1/11 9.09% 9.09%

2 1/10 10.00% 18.18%

3 1/9 11.11% 27.27%

4 1/8 12.50% 36.36%

5 1/7 14.29% 45.45%

6 1/6 16.67% 54.55%

7 1/5 20.00% 63.64%

8 1/4 25.00% 72.73%

9 1/3 33.33% 81.82%

10 1/2 50.00% 90.91%

This table presents the probability of discovering the 400-point project for each period of working on
unfamiliar company projects and the associated cumulative probability. The cumulative probability
is calculated using the formula 1 -

∏k=i
1 (1− Prob(k)).
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Table 4: Supervisors’ Bonus Allocations Depending on Employees’ Choices

Panel A - The Effect of Unsuccessful Exploration on Bonus

Period of Exploration

Condition 0 1 2 3 4 5

Low Frequency

mean 397 333 386 386 325 254

sd 130 199 135 137 143 180

n 15 6 9 10 9 40

High Frequency

mean 280 450 250 264 400 290

sd 222 71 132 170 104 158

n 14 2 3 7 7 43

Panel B - The Effect of Shirking on Bonus

Periods of Shirking

Condition 0 1 2 3 4 5

Low Frequency

mean 315 448 431 338 - 458

sd 163 65 94 189 - 102

n 94 11 7 4 0 6

High Frequency

mean 370 372 288 200 275 44

sd 151 139 199 0 106 79

n 98 9 5 1 2 6

This table presents the bonus awarded by supervisors in the first evaluation period depending on
how many periods they choose to explore (Panel A) and shirk (Panel B) across the two conditions.
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Table 5: Employee Choices by Period

Panel A - First Five Periods

Low Frequency High Frequency

Period Explore Exploit Shirk Explore Exploit Shirk

1 79.84% 12.10% 8.06% 84.68% 9.68% 5.65%

2 69.35% 18.55% 12.10% 79.03% 12.90% 8.06%

3 66.94% 21.77% 11.29% 66.94% 21.77% 11.29%

4 50.81% 38.71% 10.48% 57.26% 31.45% 11.29%

5 39.52% 48.39% 12.10% 46.77% 40.32% 12.90%

T 61.29% 27.90% 10.81% 66.94% 23.22% 9.84%

Panel B - Last Five Periods

Low Frequency High Frequency

Period Explore Exploit Shirk Explore Exploit Shirk

6 33.06% 48.39% 18.55% 24.19% 58.06% 17.74%

7 25.81% 59.68% 14.52% 14.52% 66.94% 18.55%

8 12.90% 69.35% 17.74% 14.52% 66.94% 18.55%

9 16.13% 66.94% 16.94% 12.10% 70.16% 17.74%

10 8.87% 67.74% 23.39% 8.06% 71.77% 20.16%

T 19.35% 62.42% 18.23% 14.68% 66.77% 18.55%

This table presents the proportion of employees who chose to explore (chose to work on a company
project with an unknown outcome), exploit (chose to work on a company project with a known
outcome), and shirk (chose to work on a personal project) across the two conditions and across the
ten periods. To test the hypothesis related to employee choices, I analyze the first five periods. The
employee choices for the first five periods are presented in Panel A. The employee choices for the
last five periods are presented in Panel B for descriptive purposes.
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Table 6: Effect of Employee Choices on Supervisors’ Bonus Decisions and Expected Bonus

(1) (2) (3) (4)
VARIABLES FirstBonus FirstBonus FBE FBE

HighReportingFrequency -116.68* 51.12 -60.80 34.16
(66.81) (33.11) (82.42) (28.65)

NumPeriodsExploration -28.48*** -18.47
(9.86) (11.93)

HRF*NumPeriodsExploration 29.50* 15.34
(15.74) (19.59)

NumPeriodsShirking 31.42*** 6.12
(10.53) (13.81)

HRF*NumPeriodsShirking -86.60*** -36.32
(13.25) (24.39)

Constant 411.37*** 323.88*** 368.30*** 332.08***
(35.28) (25.24) (49.51) (21.30)

Observations 165 243 165 243

This table indicates the results of regressions analyzing supervisors’ bonus decisions and employees’
expectations about the bonus decisions. The dependent variables are: FirstBonus in Columns 1
and 2 (the bonus decision of the supervisors after period five) and ExpectedFirstBonus (EFB) in
Columns 3 and 4 (employees’ expectation about the bonus decision of the supervisors after period
five). The independent variables are: HighReportingFrequency (equal to 1 for the High Reporting
Frequency condition and 0 for the Low Reporting Frequency condition); NumPeriodsExploration
(the number of periods in which the employees worked on an unfamiliar company project in the
first five periods); and NumPeriodsShirking (the number of periods in which the employees worked
on a personal project in the first five periods). To examine how unsuccessful exploration affects
bonuses, I analyze the tasks in which employees did not discover the 400-point project. Therefore,
the number of observations is lower in the regressions of Columns 1 and 3.
***, **, * denote statistical significance at the 1%, 5%, 10% level. Robust standard errors clustered
at the participant level (supervisors for Columns 1 and 2 and employees for Columns 3 and 4)
are presented in parenthesis. The hypotheses related to supervisor evaluation decisions predict
that investing effort in unsuccessful exploration results in a higher employee bonus when reporting
frequency is higher, and that shirking results in a lower employee bonus when reporting frequency
is higher. The interaction effect of HighReportingFrequency and NumPeriodsExploration from
Column 1 and of HighReportingFrequency and NumPeriodsShirking from Column 2 are consistent
with the hypotheses. However, the results of Columns 3 and 4 are not consistent with the assumption
that employees anticipate supervisors’ bonus allocation decisions.
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Table 7: Effect of Reporting Frequency on Exploration, Exploitation and Shirking

(1) (2) (3)
VARIABLES Exploration Exploitation Shirking

HighReportingFrequency 0.41 -0.40 -0.11
(0.46) (0.51) (0.58)

Period -0.30*** 0.36*** 0.13**
(0.05) (0.06) (0.06)

Constant 1.75*** -2.57*** -2.50***
(0.36) (0.42) (0.51)

Observations 1,046 1,046 1,215

This table indicates the results of regressions analyzing employee choices. The dependent variables
are: Exploration in Column 1 (equal to 1 if the employee works on an unfamiliar company project in
a period, and 0 otherwise), Exploitation in Column 2 (equal to 1 if the employee works on a familiar
company project in a period, and 0 otherwise), and Shirking in Column 3 (equal to 1 if the employee
works on a personal project in a period, and 0 otherwise). The independent variables for all three
regressions are: HighReportingFrequency (equal to 1 for the High Reporting Frequency condition
and 0 for the Low Reporting Frequency condition); Period represents the period of the observation
(ranging from 1 to 5). The number of observations differs in Column 3 because the subsample that
is most relevant for testing the effect of HighReportingFrequency on Shirking includes periods in
which the employees had discovered the 400-point project.
***, **, * denote statistical significance at the 1%, 5%, 10% level. Robust standard errors clustered
at each employee level are presented in parenthesis. H2 predicts HighReportingFrequency will
affect all three dependent variables. HighReportingFrequency does not significantly affect any of
the dependent variables, providing no support for H2.
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Table 8: Results - Supplemental Experiment

Panel A – Beliefs about Employee Exploration

Condition
Salesperson

Bob Mark Difference

Low Frequency
mean 4.92 4.81 0.11
sd 1.36 1.45 0.39
n 38 38 38

High Frequency
mean 5.47 3.47 2
sd 1.18 1.67 2.22
n 38 38 38
Panel B – Bonus

Condition
Salesperson

Bob Mark Difference

Low Frequency
mean 454 487 -33
sd 267 276 57
n 38 38 38

High Frequency
mean 569 478 92
sd 270 277 218
n 38 38 38

Panel C – Bonus Conditional on Supervisors’ Priority

Condition
Profit over effort

No Yes Total

Low Frequency
mean -28 -40 -33
sd 59 55 57
n 25 13 38

High Frequency
mean 150 20 92
sd 269 100 218
n 21 17 38

This table presents the descriptive statistics regarding three variables for each of the two experi-
mental conditions. The variable of interest in Panel A is participants’ beliefs about whether each
employee explored. Specifically, participants indicated their agreement on a seven-point Likert
scale to the following sentence “I believe that [Bob or Mark] changed his location during the first six
months of the current year” (strongly disagree - strongly agree). The variable of interest in Panel
B is the allocated bonus. The participants allocated a bonus between $0 and $1,000 to each of the
two salespeople. The variable of interest in Panel C is the difference between the bonus of Bob and
Mark. Panel C splits the date depending on participants’ self-reported considerations when making
the bonus decisions. Specifically, in the post-experimental questionnaire, participants indicated how
much their bonus decision was influenced by employee effort and by profit (not at all - a great deal).
If participants indicated that they were more influenced by profit than by effort, I classify them
as prioritizing profit over effort. The experiment was designed such that Bob and Mark generated
similar aggregated profit. Participants in the High Reporting Frequency could observe that the
variability in Bob’s results is higher than the variability in Mark’s results
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