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Abstract. Employees in organizations are frequently subject to performance goals such as
sales or publication targets. However, often employees do not know what actions will allow
them to meet these goals. To perform such tasks effectively, employees need to explore to
quickly learn from experience which among the available alternatives offers the higher reward
potential, so that they can concentrate subsequent efforts on exploiting it. Prior work models
such explore-exploit problems as an adaptive learning process, where employees sequentially
sample various options and learn from feedback. However, we currently do not know how per-
formance goals influence this adaptive learning process. We argue that performance goals influence
the adaptive learning process by modifying how feedback is perceived. Individuals subject to
challenging goals are more likely to interpret feedback from poor alternatives as failures.
Therefore, they quickly develop high belief strength that the inferior alternative is worse than
the superior alternative, enabling them to reduce “useless exploration,” but also making them
slow to adapt to environmental shocks. We test our predictions in a series of laboratory experi-
ments and find that decision makers subject to challenging goals exploit more (relative to those
with moderate goals). We also show that such an exploitation focus, while beneficial in stable
environments, is detrimental in unstable ones. Our finding that challenging performance goals
improve performance in learning tasks stands in contrast to prior findings that such goals
inhibit performance in search tasks, an insight that warrants further study to improve our
understanding of goal setting in the knowledge economy.

Funding: K. Srikanth was supported by SMU Seed Funding Grant for the initial version of this paper.
Supplemental Material: The e-companion is available at https://doi.org/10.1287/orsc.2019.13311.

Keywords: goal setting « organizational learning « incentives ¢ hot stove effect

Performance goals are ubiquitous in organizations.
Employees work toward sales or revenue targets, CEOs
aim to beat analyst expectations, fund managers aim to
beat the benchmark index. Even in highly uncertain
tasks such as R&D, engineers and scientists are often
held to patenting and publishing targets. Although in
all these instances employees are exhorted to perform as
well as they can, falling short of these explicitly set goals
usually has significant negative consequences for
employees, such as foregone bonuses and promotion
opportunities. Yet employees frequently do not know
which actions will lead to outcomes that exceed their
goals. For example, should a sales agent trying to beat
their target invest effort in cultivating existing client
relationships or forge new ones? To perform such tasks
effectively, employees do not just need to exert more
effort, they need to learn which of the available alterna-
tives is more attractive, to decide where they should

concentrate their efforts on. In such learning problems,
when employees face considerable uncertainty in their
decision making about which actions to choose from
among various alternatives to meet their goals, they
have to strike a balance between exploring new oppor-
tunities and exploiting existing knowledge (March 1991,
1996). Although performance goals encourage employ-
ees to work harder (Locke and Latham 2006), we cur-
rently do not know whether they help employees work
smarter, that is, quickly learn which alternative is supe-
rior. In this paper we therefore study how performance
goals influence employees’ learning and therefore their
explore-exploit decisions.

How to effectively make explore-exploit decisions is
widely acknowledged as an important organizational
problem (Denrell and March 2001, Denrell 2008, Lee
and Puranam 2016). Such decisions are often modeled
as employees choosing between alternatives with little
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prior knowledge about respective performance conse-
quences (March 1996, Posen and Levinthal 2012). Emp-
loyees have limited prior knowledge about alternatives
especially in novel environments, where choices are ill-
understood (cf: Song et al. 2019, Sang et al. 2020), and in
changing environments, where prior experience is less
useful in guiding future actions (Daw et al. 2006, Posen
and Levinthal 2012).

To achieve high performance in such situations,
employees engage in adaptive learning by repeatedly
sampling the available alternatives and observing feed-
back (March 1996, Denrell and March 2001, Posen and
Levinthal 2012). Since individuals try to reinforce suc-
cesses and avoid failures, they are more likely to choose
the options that previously resulted in better outcomes
and avoid alternatives that previously resulted in worse
outcomes. Thus, by repeated sampling, employees form
beliefs about (i.e., learn) which alternative is superior.
The stronger the agents’ belief that one alternative is
superior to another, the more likely they are to exploit
(i.e., choose the alternative they believe to be the best) and
less likely they are to explore (i.e., choose the alternative
they believe to be inferior). For our sales agent, the higher
the outcomes from discovering new customers com-
pared with selling more to existing customers, the more
pronounced the agent’s preference for the former alter-
native compared with the latter. Yet, if the observed
payoffs from these two alternatives are close, it will take
more experience (sampling) before the agent can truly
differentiate them, and more consistently exploit. In
other words, with experience, individuals form beliefs
about the relative attractiveness of the available alterna-
tives and choose among them based on those beliefs
(Sutton and Barto 1998, Daw et al. 2006, Cohen et al.
2007)."

How performance goals influence this adaptive learn-
ing process has not yet been investigated empirically.
We argue that performance goals influence learning by
changing how individuals interpret their received feed-
back. We theorize that performance goals divide the
feedback space into successes and failures (e.g., Simon
1955). As a consequence, individuals with a challenging
goal are more likely to categorize outcomes from infe-
rior options as failures compared with those with moder-
ate goals.” Since decision makers reinforce successes and
avoid failures, individuals with challenging goals more
quickly develop stronger beliefs that the inferior alterna-
tives are truly inferior when compared with the superior
alternatives, and therefore stop sampling them sooner
(compared with individuals with moderate or do-your-
best goals). While this greater belief strength is likely
beneficial when the environment is stable, it can cause
the individual to stick to their choices too long when
the environment changes. Since individuals with chal-
lenging goals have developed stronger beliefs about the
best and worst option, they will be slower in adapting to

environmental shifts because they will continue to
under-sample the previously worst option (which may
have gotten better after the shock), and over-sample the
previously best (but inferior post-shock) option.

Studying these processes in the field is exceedingly
difficult (Gary et al. 2017). We therefore developed a
series of laboratory studies to test our theory, in which
participants chose among a limited number of alterna-
tives with noisy payoffs. In our laboratory studies, we
found that individuals with challenging goals (a) were
more likely to have greater confidence in identifying the
superior (and inferior) alternative; (b) which led them to
choose the alternative they believed to be superior more
often (i.e., exploit); and since they identified the superior
alternative more confidently and exploited it sooner, (c)
had higher performance, compared with those facing
moderate goals. However, their performance suffered
and temporarily fell below that of individuals with a
moderate goal when the environment changed. We
tested multiple types of goals to identify boundary con-
ditions and found that goals improved performance
only when they helped in identifying the relatively irnfe-
rior options. Interestingly, goals designed to help reli-
ably identify the superior option did not elicit similar
behavior, suggesting that individuals were more vigi-
lant about failures than successes.

Our study makes two contributions to theory. First,
we contribute to the exploration-exploitation literature
by showing the impact of explicit performance goals on
adaptive learning, both of which are important organi-
zational processes but surprisingly have not been jointly
studied. We thus answer the call by Denrell (2008) to
consider how aspiration levels influence learning rather
than risk-taking. In doing so, we develop predictions on
the specific mechanisms that link challenging goals to
performance under stable and changing environments.
Second, we add to the goal setting literature by explor-
ing the conditions under which challenging versus
moderate goals lead to higher performance in learning
tasks which are particularly relevant in organizations,
adding to the larger discussion on identifying boundary
conditions for when goal setting improves performance.
The finding that goal setting may hinder performance in
search tasks but help performance in adaptive learning
tasks is an important jumping-off point for future
research in making goal setting more managerially rele-
vant in the knowledge economy.”

Theory

The Impact of External Performance Goals on
Task Performance Under Uncertainty

The goal-setting literature has extensively studied how
different types of goals (typically, “do-your-best” or mod-
erate goals versus challenging ones) influence task per-
formance, mostly at the individual level. Summarizing
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35 years of goal-setting research, Locke and Latham (2006)
conclude that to the extent that individuals and groups are
committed to goals and are able to attain them, “there is a
positive linear relationship between goal difficulty and
task performance” (p. 265). These scholars argue that set-
ting challenging goals focuses attention and elicits effort
and persistence, often by motivating search for high-
performance strategies (Locke and Latham 2002, 2006).
However, they add the important caveat that these results
hold “in so far as performance is fully controllable,”
(Locke and Latham 2002, p. 706), that is, so long as task
outcomes are solely a function of effort.

In exploring this boundary condition, scholars have
considered two important contingencies (complex situa-
tions and unrealistically high goals) when effort and
outcome may not be correlated, and therefore setting
challenging goals may backfire. First, in complex
decision-making situations, individuals do not under-
stand how their decisions interact to produce out-
comes. In these cases, setting challenging goals hurts
individuals’ ability to search for effective task comple-
tion strategies (Earley et al. 1989a, Kanfer and Acker-
man 1989, Seijts and Latham 2005). Second, when
goals are unrealistically high, goals may be more likely
achievable by good luck rather than high effort. For
example, studies have looked at individuals’ one-time
choice between a safe and a risky bet, when the goal is
above the payoff for the safe bet. In such conditions,
individuals revert to endogenous do-your-best goals
(Locke and Latham 1990), or rely on good luck by
choosing risky bets over safe ones (Heath et al. 1999,
Larrick et al. 2009). Studies combining these two con-
ditions have largely replicated these findings (Earley
etal. 1989b, Gary et al. 2017).

However, empirical studies do not consider how
goal setting influences learning under uncertainty
when individuals have imperfect knowledge about the
value of different alternatives. It is this problem we
examine more closely, since it represents important
decision situations in organizations. The canonical
resource allocation problem where managers allocate
resources among alternatives with unknown attrac-
tiveness is a good example of decision making under
uncertainty (Bower 1970; March 1996, 2003). When
COVID hit, vaccine researchers in pharmaceutical
companies faced considerable uncertainty about which
technology platform to build on—mRNA, viral vector,
or weakened virus were among the available path-
ways. Firms invested in several options and relied on
feedback to evaluate which ones to emphasize more. In
other words, lack of knowledge due to novelty of the
problem forced firms to rely on learning by doing; as
new data about the viability of the different pathways
emerged, managers had to decide between exploration
and exploitation to create a viable vaccine. Would a
challenging goal such as 90% efficacy for vaccines set

by Johnson & Johnson* help vaccine developers make
better decisions?

As this example illustrates, employees in firms need
to make explore-exploit decisions when they do not
accurately know the relative attractiveness of the op-
tions available to them—either because of novelty, or
because environmental shocks made their prior knowl-
edge a less reliable guide. Denrell and March (2001) the-
orize that individuals learn to prefer a safe alternative
over a risky one under do-your-best goals, and that the
magnitude of any performance goals may shift this pref-
erence. However, these predictions about how challeng-
ing versus moderate goals may influence choice between
uncertain alternatives are not yet empirically tested.
Moreover, current theory does not consider how perfor-
mance goals influence the more difficult learning prob-
lem of choice between stochastic alternatives that are also
changing (Daw et al. 2006), and the mechanisms underly-
ing how goals influence adaptive learning need to be fur-
ther developed.

How Individuals Make Explore-Exploit Decisions
At the individual-level, scholarship on the exploration-
exploitation tradeoff encompasses a considerable
empirical literature in neuroscience and psychology
that considers how individuals make decisions under
uncertainty (see the reviews by Cohen et al. 2007,
Toplak et al. 2010, Mehlhorn et al. 2015). This literature
defines exploration and exploitation as follows: Deci-
sion makers exploit if they choose the option that they
believe gives the highest payoff and explore otherwise, that
is, if they select an option that they believe does not give
the highest payoff (Daw et al. 2006, Laureiro-Martinez
et al. 2014, Song et al. 2019).This literature conceptualizes
the exploration-exploitation tradeoff in terms of two inter-
related processes: (1) the choice process of selecting an
alternative to explore to gain new knowledge, versus
choosing the current best performing alternative to
exploit existing knowledge; and (2) the adaptive learning
process of translating feedback into beliefs about the rela-
tive attractiveness of the available alternatives (Sutton
and Barto 1998, Daw et al. 2006, Cohen et al. 2007).
Learning from feedback is fundamental to this pro-
cess. As the decision maker selects an alternative (makes
a choice), for example, runs an experiment or engineers a
protein, they receive some feedback about its efficacy
(e.g., in preventing COVID). This feedback is now inte-
grated with the feedback received from previous trials
to form an overall impression about the promise of this
technology platform (adaptive learning). These beliefs
about the relative attractiveness of the different plat-
forms informs their decision about what experiment to
run next (i.e., which platform to investigate). They may
choose the platform that they believe to be the most
promising thus far (exploit) or choose to invest in a plat-
form that they believe they do not know enough about



Downloaded from informs.org by [71.28.72.114] on 18 October 2023, at 13:44 . For personal use only, al rights reserved.

4

Raveendran et al.: Performance Goals and Exploration-Exploitation
Organization Science, Articles in Advance, pp. 1-23, © 2023 INFORMS

yet (explore) but may have the potential to outperform.”
They continue this cycle of experimentation until they
are confident that one of the platforms is truly superior
to the others, and they can concentrate all subsequent
efforts in that area.

Belief strength captures how confident the individual
is that the option they identified as superior is truly
superior, and is the mechanism that underlies an indivi-
dual’s propensity to explore versus exploit in a given
problem context. Prior work suggests that the magni-
tude of the difference in the beliefs between two options
is directly related to the probability of choosing the
option with the higher belief (Posen and Levinthal
2012). The higher this difference, the greater the belief
strength, and the more confident the decision maker is
that the superior option is in fact superior, and therefore
exploits.

Consider one decision maker, Anita, making two
choices; say choice of restaurant, A and B, versus choice
of coffee shop C and D. Suppose Anita scores them on a
1-10 scale of how much she likes them. Her scores for
the restaurants are [A,B: 9,2], whereas for the coffee
shops are [C,D: 6,5]. In this case, the choice A and C will
both be recorded as exploitation—Anita chooses the
options she likes best. However, her belief strength is
very different. She strongly prefers restaurant A to B;
the score difference of seven suggests a high belief
strength that A is superior to B. In contrast, she is almost
indifferent between the two coffee shops; the score dif-
ference of one suggests that she has low belief strength
that coffee shop C is superior to D. Thus, for her next
visit, Anita is much more likely to visit restaurant A
(exploit) compared with B (explore), but likely has simi-
lar probabilities for visiting coffee shop C (exploit) ver-
sus D (explore).

How do decision makers increase their belief strength?
By experiential learning. As the decision maker takes
more samples from the different alternatives (for exam-
ple, runs more experiments in the different vaccine tech-
nology platforms), their beliefs about their relative values
stabilize. Again, consider the example from above. Sup-
pose Anita is new to town, and initially she is indifferent
between A and B. If there was a strong quality differ-
ential (perhaps the food at restaurant B is terrible),
after very few visits she understands which restaurant
she prefers, that is, has developed strong beliefs (in
our example, in favor of restaurant A), and therefore
stops visiting B quickly. In the case of coffee shops,
after a few trials, she perceives them to be similar, and
she has low belief strength about whether C is superior
to D. It would take her much longer, that is, many
more visits, to understand which one she truly prefers
and she may continue to vacillate between C and D for
a long time. In summary, strong beliefs that favor one
alternative over the other(s) may derive from one of
two pathways: (a) either the difference in beliefs about

the alternatives’ attractiveness is very wide; (b) or the
agent’s high level of experience provides greater
certainty.

In learning from sequential sampling, both these
pathways occur, but more importantly, they interact,
that is, pathway (a) may undermine pathway (b). The
wider the perceived difference between the alternatives
early on, the less likely the inferior alternative is sam-
pled in later rounds. Suppose alternatives X and Y are
truly equal, but in a run of luck in the first few trials, X
provided returns from the right tail of the distribution,
and Y from the left tail. At this point, the decision maker
perceives a wide difference between X and Y, and stops
sampling Y. While the false positives from X eventually
get corrected (X reverts to its mean), the false negatives
from Y do not, since even at the mean level, X appears
more attractive than Y, given the decision maker’s (lim-
ited and skewed) experience with Y (Denrell and March
2001, Denrell 2003, Denrell and Liu 2021).

Similarly, strong beliefs may also mislead the decision
maker when an environment shock improves the utility
of under-sampled options. From our previous example,
suppose the quality of restaurant B dramatically im-
proved (they hire a new chef), but Anita may never
enjoy this because she stopped visiting that place. In this
example, what was a true negative before the shock (res-
taurant B was truly inferior to restaurant A), converts
into a false negative after the shock (B becomes better
than A, but Anita continues to believe the reverse).
However, since B remains less sampled, this error is not
corrected. In sum, although strong beliefs help the deci-
sion maker quickly identify and exploit the superior
solution, they can also trap the decision maker into
inferior solutions for longer when the environment
changes.

Performance Goals and the Adaptive

Learning Process

Our novel argument is that performance goals influence
this adaptive learning process by influencing indivi-
duals’ belief strength about the available alternatives.
We theorize that individuals subject to challenging per-
formance goals more quickly develop strong beliefs that
the inferior option performs worse than the superior
option, and therefore quit sampling it sooner.

Prior empirical work on the adaptive learning process
in neuroscience and psychology has used do-your-best
goals, which assume that decision makers dynamically
update their own endogenous goals (or aspiration level)
in response to feedback received (e.g., Daw et al. 2006,
Cohen et al. 2007, Mehlhorn et al. 2015). Thus, although
this work has significantly improved our understanding
of the belief formation process in adaptive learning, it
does not consider how externally set performance goals
influence belief strength and therefore decision choices.



Downloaded from informs.org by [71.28.72.114] on 18 October 2023, at 13:44 . For personal use only, al rights reserved.

Raveendran et al.: Performance Goals and Exploration-Exploitation
Organization Science, Articles in Advance, pp. 1-23, © 2023 INFORMS

We argue that externally imposed performance goals
modify the adaptive learning process by changing how
the decision maker interprets feedback. According to
Simon (1955, p. 105, fig. 1), goals perform an encoding
function that reduces a complex environment into a
smaller number of states. He argues that this encoding
function is an essential purpose of goals, partitioning
the payoff space into successes and failures (see also;
Hoppe 1930, Lewin et al. 1944). Applied to the choice
and adaptive learning processes described above, a per-
formance goal changes how the individual interprets
the received feedback from their choice by providing
them with a concrete benchmark against which to judge
the feedback she receives. For example, students who
score nominally close outcomes, say 49 versus 50 points,
will interpret these very differently (as a failing versus
passing grade), with the actions leading to the failing
(passing) grade reinforced much more negatively (posi-
tively) than warranted by just the nominal difference in
outcomes. Due to such asymmetric reinforcement, per-
formance goals strongly influence the belief strength the
decision maker develops about the different options.
Different types of goals (moderate versus challenging)
provide individuals with different benchmarks; two
individuals subject to different performance goals will
encode the same outcome from the same choice differ-
ently as successes versus failures. This in turn leads
these individuals to making different choices next time
(they sample different alternatives), their belief strength
develops differently, and their subsequent performance
outcomes diverge. We use a simple example to illustrate
this mechanism:

Consider an employee who must choose between
three investment options: A, B, or C. For simplicity, let
us assume that the payoffs for each of these options are
uniformly distributed, with equally wide and partially
overlapping intervals, as shown in Figure 1(a).” When
the employee chooses one of these options, they will
receive a return on investment, or payoff. If the emp-
loyee knew the true payoff distributions for all options,
then choosing between them would be a trivial task:
They would always choose option A to maximize their

payoffs. In that case there is no explore-exploit tradeoff
to make because there is no uncertainty about the pay-
offs of the investment options.

However, when employees make these choices under
uncertainty, for example, choosing between novel busi-
ness opportunities or technology platforms, they cannot
know the options’ payoff distributions and need to learn
from experience. In this case, the employee may first
choose option C (the objectively or truly worst choice),
receiving a payoff of 23, and then choose option A (the
objectively or truly best one), receiving a payoff of 18,
updating their beliefs about both options in the process.
If their judgment is based only on these two trials, then
they would (erroneously) judge option A to be worse
than option C. Yet over successive trials—assuming
they choose both options repeatedly—they will develop
more accurate and stronger beliefs about which is the
truly better option. This simple example underscores the
fact that learning figures prominently in a decision
maker’s search for better options.

As we observed earlier, such trial and error learning
is subject to several pathologies (Denrell and March
2001, March 2003), and employees may not truly sample
all the available options equally. In addition, such trial
and error learning is costly, and the manager tries to
steer the employee more quickly toward more consis-
tently selecting a high performing option (i.e., exploiting
by choosing option A in our example, unknown to
both). To this end, the manager utilizes goal setting.

By setting appropriate goals, the manager manipu-
lates the feedback the employee receives. If the feedback
allows the employee to perceive one option as vastly
superior (or inferior) to others with very few trials (path-
way (a) as discussed earlier), then the employee has
effectively short-circuited the costly trial-and-error learn-
ing process to quickly settle on the superior option. Thus,
the goal setting process, if performed adequately, should
align employee preferences (i.e., choose the option that
meets the goal) with the manager’s interests (i.e., choose
the truly best option).

So what is the mechanism, that is, how does the given
goal affect the learning and choice process? Recall that

Figure 1. (Color online) Feedback Encoding Based on Performance Goal

(a)

Payoff distributions for three investment options

Feedback Interpretation for CHALLENGING goal

(b) (c)

Feedback Interpretation for MODERATE goal

Option A 15 25 35 15 25 35 15 25 35
Option B 10 20 30 10 20 30 10 20 30
OptionC 05 15 25 05 15 % 05 15 25

Goal =25 Goal =20
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performance goals provide an encoding function that
simplifies feedback received into successes and failures.
The moderate or challenging goal given, presents the
benchmark against which to judge the payoff received.”
This encoding function changes the feedback perceived
by the decision makers, which in turn affects their belief
strength, and thus their choices and their performance
consequences.

For illustration, consider two employees, Camille and
Davon, who play the investment game above. We give
Camille a challenging performance goal of 25 per round
whereas Davon receives a moderate goal of 20 per
round. With this new performance goal, Camille will
now encode any payoff of 25 and above as a success,
and anything below 25 as a failure (Figure 1(b)); while
Davon will encode payoffs of 20 and higher as successes
and anything below 20 as failures (Figure 1(c)).

This encoding has an important effect on how these
employees learn from feedback. In this scenario, Camille
will encode almost all payoffs received from option C as
failures because the (objectively) worst option’s highest
possible payoff is 25—the same as her goal—whereas
she will encode only 50% (resp. 75%) of the payoffs
from option A (resp. option B) as failures. Thus, after
very few samples, she expects that option C (almost
always failure) is inferior to the other two investment
options. In contrast, Davon, with a goal of 20, receives
25% (resp. 50%) failures from option A (resp. option B),
and 75% failures for option C, making it more difficult
for Davon to differentiate between the options. Conse-
quently, Camille requires fewer feedback opportunities
to identify the truly inferior option (option C, in this
case) compared with Davon. In other words, after only
a few trials, Camille’s belief strength is higher than
Davon’s, and Camille stops sampling option C sooner
than Davon. The corollary is that Camille will spend
more of her time learning about options A and B and
should therefore increase her belief strength regarding
those two options more, compared with Davon.

For this mechanism to work, the performance goal
should be meaningful; that is, it must allow the deci-
sion maker to distinguish between the options based
on feedback. If the goal is set such that all options
return mostly successes or mostly failures, the goal
does not allow the decision maker to meaningfully
learn about the differences between the options, and
we do not expect the mechanism—that is, changes in
belief strength, to operate as argued here. In sum, chal-
lenging performance goals and the resulting feedback
interpretation process enables the decision maker to
quickly develop higher belief strength when the deci-
sion problem consists of a limited number of options.
Since higher belief strength means the decision maker
is relatively more confident that the superior option is
indeed superior, she will select this option, that is, she
will exploit. Therefore, we hypothesize that

Hypothesis 1. Decision makers with a challenging perfor-
mance goal exploit, that is, select the option they believe to
be best, more often than those with a moderate goal (so
long as goals are meaningful).

Since a challenging performance goal makes it easier
for the individual to quickly identify the truly inferior
options, they have more opportunity to learn about the
remaining superior options and distinguish between
their relative attractiveness. Thus, the decision maker
with a challenging performance goal is more likely to
identify the truly superior option from among a more
limited number of choices. In addition, in a stable task
environment, in which the payoff distributions do not
change, identifying and exploiting the truly best option
leads to better performance regardless of goal level.
Since decision makers with a challenging goal choose
the truly best option more frequently, they are likely to
experience higher cumulative performance:

Hypothesis 2a. Decision makers with a challenging per-
formance goal select the truly best option more frequently
in a stable environment than those with a moderate goal.

Hypothesis 2b. Decision makers with a challenging per-
formance goal exhibit higher cumulative performance in a
stable environment than those with a moderate goal.

Recall from our discussion above that the mechanism
underlying these effects is that different goals affect the
development of individuals’ belief strength differently.
When facing a challenging performance goal, indivi-
duals encode a greater proportion of the feedback from
inferior options into failures, which leads to greater con-
fidence in their belief that the inferior option is worse
than the other options, relative to an individual with a
moderate goal. By eliminating that inferior option early,
they have more opportunity to sample the other two
options which provides more granular feedback on
their relative attractiveness, hence increasing their belief
strength across all options.” We therefore hypothesize
that:

Hypothesis 3. Decision makers with a challenging perfor-
mance goal develop greater belief strength than those with
a moderate one.

The Impact of an Environmental Shock

So far, we have only considered organizational uncer-
tainty resulting from novel investment opportunities.
However, managers also face uncertainty from environ-
mental change that may alter the relative attractiveness
of different investment options. Changing customer
preferences or new technologies can profoundly alter
the attractiveness of available opportunities in ways
that managers may not understand or sometimes even
recognize. For example, although insurance compan-
ies know that Artificial Intelligence/Machine Learning
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technologies can profoundly impact their business, they
may not know whether the biggest impact is likely to
be in customer acquisition, retention, customization, or
securitization. Motorola, Nokia and later Microsoft did
not recognize the profound ways the mobile phone
industry changed when Apple introduced the iPhone
but continued to emphasize hardware and operating sys-
tems rather than invest in platform capabilities. We next
consider whether challenging performance goals make it
easier or more difficult for managers to adapt to such
environmental shocks.

We argue that the same mechanism that leads to fas-
ter exploitation of the truly superior option in the stable
environment will likely turn into a liability when an
unforeseen environmental shock makes the previously
unattractive option more attractive; in other words
when the environmental shock changes a true negative
into a false negative. As discussed earlier, decision
makers with a challenging performance goal have de-
veloped greater belief strengths, and they therefore
under-sample the (previously) inferior option. After a
disruptive environmental shock, these individuals con-
tinue to under-sample that option, the now false nega-
tive, and over-sample the false-positive, the still believed
to be best (but post-shock inferior) option. This slower
deviation from the previously superior choice will lead
to lower overall performance:

Hypothesis 4a. Decision makers with a challenging per-
formance goal choose the newly changed best option less
frequently after a disruptive environmental shock than
those with a moderate one.

Hypothesis 4b. Decision makers with a challenging per-
formance goal exhibit worse performance immediately after
a disruptive environmental shock than those with a moder-
ate one.

However, false-positives are self-correcting with re-
peated sampling (as theorized by Denrell and March
2001). Over time, as this correction occurs, individuals
will move away from it, and start to sample the previ-
ously neglected false-negative option. With time, they
now recognize the potential of the previously inferior
arm, and start sampling it again. Once again, their chal-
lenging goals lead them to form strong beliefs, but now
in favor of the previously (pre-shock) inferior, but now
(post-shock) superior arm. A corollary of Hypothesis 4a
is that this correction will happen over a period of time,
as individuals adjust their beliefs with repeated sam-
pling. Thus, after an adjustment period post-shock, deci-
sion makers with a challenging performance goal will
choose the newly changed best option more frequently
again and exhibit better performance than those with a
moderate one.

Taken together, these hypotheses also act as a mecha-
nism test, as the same mechanism (of greater belief

strength under the challenging performance goal) pre-
dicts both implications for performance and exploration
behavior when decision makers face a stable versus dis-
rupted environment. The mechanism also makes it clear
that the theory developed here only applies in so far as
the goal meaningfully distinguished between better and
worse options. Goals that are too high or too low do not
perform this function, and therefore, may not influence
the adaptive learning process in the same way.

Method

Experimental Procedure

To test these hypotheses, we designed a behavioral labo-
ratory experiment in which we manipulated perfor-
mance goals (challenging versus moderate) and observed
participants’ choices and performance. Each participant
played a single-player investment game. The laboratory
experiment was set up as a between-subject design
across three main studies. In each study, participants
were randomly assigned to one of several goal condi-
tions. We ensured that each participant took part in only
one of the studies.

To understand how goals influence the adaptive
learning processes, the experiment should include the
following properties. First, it should be a task in which
learning from feedback is inherent to identifying supe-
rior options. Second, the task should be able to separate
out risk taking from learning. Third, to get to the heart
of the mechanism, there should be a direct link between
actions and feedback, without intervening complexity.
Fourth, it should be easy for participants to understand
their current performance relative to their goals. Finally,
the choice between exploration versus exploitation should
be nontrivial, but learning should be plausible in a limited
amount of time. The multiarmed bandit problem satisfies
these criteria and has been extensively used to study
exploration-exploitation behavior (see Mehlhorn et al.
2015).°

The multi-armed bandit task was framed as an invest-
ment game where the decision maker chooses between
multiple options. Each option has an uncertain payoff,
which implies that (1) the decision maker does not
know ex ante which of the different options is better;
and (2) the feedback received from choosing an option is
noisy. Our investment game gave participants the choice
between the same three options across all studies; their
payoffs were uniformly distributed and had the same
variance but different means ([25, 20, 15] for options 1, 2,
and 3, respectively, with a constant interval of +10), as
shown in Figure 2(a). The payoff distributions were cho-
sen to ensure there is sufficient overlap to allow for learn-
ing to be meaningful and that there is enough unique
feedback to discern payoff differences over time, while
avoiding extreme payoffs and negative payoffs that may
induce different psychological processes. Depending on
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Figure 2. (Color online) Experimental Setup: Payoff Distributions and Feedback Interpretation

(a)

Payoff Distributions

Study 1, Studies 2 & 3 pre-shock

Option 1 15 25 35 15

Option 2 10 20 30 10

Feedback Interpretation for
CHALLENGING goal - 25 poinis (per round)

Study 1, Studies 2 & 3 pre-shock

Failure Success

Option3 05 15 25 05 15 25 05 15 : 25

(b) (©)
Feedback Interpretation for
MODERATE goal - 20 points (per round)

Study 1, Studies 2 & 3 pre-shock

25 35 15 25 35
Failure Success m Success
20 : 30 10 20 30

Failure Success

Failure | Faive TP
Goal =25 Goal =20

Studies 2 & 3 post-shock

Studies 2 & 3 post-shock

Studies 2 & 3 post-shock

— 10 20 30 10 20 30 10 20 30
| Faive D= EETE  scccess
Option2 05 15 25 05 15 % 05 5 1 25
Option 3 15 25 35 15 25 35 15 1 25 35
Goan;=25 Goal =20

Notes. Panel (a) illustrates the payoff distributions of the three investment options that underlie all studies. Panels (b) and (c) overlay the
“success” and “failure” interpretations made by the decision makers based on their respective goals. Panel (b) (resp. (c)) shows the interpreta-
tions for a challenging (resp. moderate) goal of 25 (resp. 20) payoff points. Studies 5a, 6a, 6¢, 7a, and 7c (resp. 5b, 6b, 6d, 7b, 7d) replicate Study 1

(resp. Study 2b), using the same payoff distributions.

their goal, decision makers assigned the payoffs received
into categories of “success” or “failure” with different
percentages: the success percentages for the three options
were 77.5%, 52.5%, and 27.5% for the moderate-goal con-
dition; and 52.55%, 27.5%, and 2.5% for the challenging-
goal condition (illustrated in Figure 2).

In order to enable learning from experience, decision
makers played the investment game for 50 rounds. In
each round, the decision maker chose whatever option
they wanted and received a payoff. Over time, the deci-
sion maker learned which of the options yielded higher
or lower payoffs. The decision maker’s payoffs accumu-
lated over the rounds of the game, and their goal was to
maximize the cumulative end-of-game payoff. The task
setup ensured that time pressure was not a factor: We
did not limit participants” available time, and the time
needed to play the game averaged just under 1.5 minutes
excluding the introduction and briefing of the game (the
time averaged 2 minutes for games with extended peri-
ods). The experiment was IRB-approved at the relevant
institutions and did not incorporate any deception (i.e., it
did not misrepresent the purpose or nature of the experi-
ment or provide false feedback in a way that would pre-
vent participants from giving informed consent, Cook
and Yamagishi 2008). The verbatim instructions, proce-
dures and instrument for this laboratory experiment can
be found in the Online Supplement, Section 1; and our
data, analyses, and preregistered analysis plans can be
accessed via this link."’

Task Description. In line with our theoretical intent, we
framed the task as one of investment choice under
uncertainty. Each participant adopted the role of an
R&D manager for a digital firm and, in each round,
decided on a product platform in which to invest. All
participants were informed that the payoffs are uncer-
tain and subject to market turbulence. The task descrip-
tion also points out that random environmental shocks
could alter the relative attractiveness of the available
options. These instructions were given regardless of
whether the study contained a shock.

In each period, participants selected one of the three
available options for investment. Upon making an
investment, a participant immediately received a payoff
displayed as points earned on the given option. The
feedback was clearly tied to the choice just made, and
the cumulative payoffs (at the top of the screen) were
updated in turn, along with the current round and pro-
gress. Participants could see at any time the payoff
received on their latest investment, their cumulative
payoff, the total number of trials played, and the aver-
age payoff received from each option, similar to other
studies (Lee et al. 2011, Sang et al. 2020) in order to mini-
mize distortions from different memory capacities.

Treatment 1: Goal Setting. Participants were randomly
assigned to different performance goal conditions. In all
studies, participants were informed that they should
attempt to achieve their assigned performance goal. We
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followed best-practice in the goal setting literature to ~ Boundary Conditions. When studying the boundary
determine the goals set. Prior studies in goal setting  conditions of our findings, we also examined the effects
have typically used performance achieved by the top  of other performance goals (Study 3), different environ-
10% of individuals as the benchmark for setting the = mental shock conditions (Study 4), no-goal condition
challenging goals, and average performance for moder-  (Studies 5a and 5b), and different incentive structures
ate goals (please see Locke and Latham 1990 for a  (Studies 6 and 7), see Online Supplement, Section 5.
review). We followed a similar procedure.

We implemented the manipulation for challenging  Participant Recruitment. Because adaptive learning is a
[resp. moderate] goals by instructing the participants as ~ fundamental human behavior, we decided to run our
follows: “The previous manager had achieved total earn- ~ studies in different countries and settings so as to
ings of 1,250 [1,000] points over their tenure of 50 rounds,  increase (however slightly) generalizability of our find-
that is, 25 [20] points per round. You should aim to earn  ings. For studies 2a, 3a, and 3b, we recruited participants
at least this amount.”"! For simplicity, we describe the ~ from a public university in the United States and the
specific performance goals used in each study in the  experiment was conducted in a laboratory setting (Study
results section, Table 1 provides an overview. 2a in-person, Studies 3a & 3b online, due to the pan-

Before conducting our main studies, we ran pilot  demic). For Study 4, students from an undergraduate
studies to ensure that these two goals were set such  course at a Singapore university participated in the exper-
that 25 per round would be challenging but feasible = iment as part of a class exercise. For all other studies, par-
while 20 per round was achieved more easily without  ticipants were recruited through Amazon’s Mechanical

being trivial. The statement about “the previous man- ~ Turk (MTurk). Table 2 summarizes our data collection as
ager” having achieved a certain level of earnings was  well as participants’” demographics. We used our first
referencing the data from the pilot studies in a simpli-  study to inform our power analysis and estimated that a
fied way and communicating that the goal was achiev- ~ sample size of 72 (resp. 98) would give us statistical
able, while maintaining the clearly fictitious setting of ~ power of 0.8 (resp. 0.9). The power analysis is reported in
our study. the Online Supplement, Section 2.

Across the different studies, MTurk participants were
Treatment 2: Environmental Shock. We implemented  similar in terms of the basic demographic dimensions
the environment shock treatment by reshuffling the  that we collected. On average, between 31% and 45%
means of the three investment options while leaving the  self-identified as female, and they reported an average
overall payoff landscape otherwise unchanged, asshown  age of 36 (with a wide range between 18 and 76). The
in Figure 2. majority of MTurk participants reported English as their

Table 1. Overview of All Study Conditions

Performance goals

moderate challenging no lower- low upper-
Study [20] [25] goal edge [5] [15] edge [35] Environment Rounds Incentives
Main results
1 X X stable 50 top 5 performers
2a X X shock 50 top 5 performers
2b X X shock 80 top 5 performers
Boundary conditions
3 X X X X X stable 50 top 5 performers
4 X X Positive shock 50 top 5 performers
5a X X X stable 50 top 5 performers
5b X X X shock 80 top 5 performers
6a X X stable 50 fixed bonus
6b X X shock 80 fixed bonus
6¢ X X stable 50 exchange rate
6d X X shock 80 exchange rate
7a X X X X X stable 50 fixed bonus
7b X X X X X shock 80 fixed bonus
7c X X X b b stable 50 exchange rate
7d X X X X X shock 80 exchange rate

Note. The bold higlights indicate how the studies deviate from the baseline setup. The environmental shock occurred at round 30. “top 5 performers”
received a $10 gift certificate.
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first language, and around 66% reported having at least
a four-year college degree. We found a difference in
country of residence for studies run before (studies 1-4)
versus during (studies 5-7) the pandemic (resp. 90% ver-
sus 70% from North America). In contrast to the MTurk
studies, the two university samples were younger (21 on
average), had a higher percentage of female-identifying
participants (46%), and included fewer students with
English as their first language (in the U.S. sample; data
on their first language is not available for Singapore).
Across all populations, participants” risk-taking propen-
sity, measured by the balloon analogue risk task (BART;,
see Lejuez et al. 2002), lay in the range of 38 to 51. Overall,
this set of study populations provided us with some
degree of generalizability. The fact that learning tenden-
cies among these diverse participants were consistent,
in very different exogenous conditions of uncertainty
(before and during the height as well as later stages of
the pandemic), appears to indicate that our studies
indeed captured a fundamental human behavior.

Incentive Structures. Incentives matter because they
make choices consequential. In studies 1 through 5, we
incentivized participants to perform well by offering a
$10 gift certificate to each of the top five performers. In
addition, participants in studies 2a, 3a, 3b, and 4 were
rewarded with course participation credits; in studies 1,
2b, 5a, and 5b, we replaced course credit with a fixed
payment for participation. In setting up the initial incen-
tive structure, we followed the goal-setting literature in
using “mere goals”—goals that simply establish a refer-
ence point (Heath et al. 1999, Larrick et al. 2009)—and
then observing whether such a simple manipulation
results in behavioral differences.

However, research has also shown that winner-
takes-all incentives (the type described above) may
boost risk-taking and hence exploration (Manso 2011,
Ederer and Manso 2013). If the incentive design applied
to the first set of studies does indeed encourage more
risk-taking and exploration, then the setup will provide
a conservative test of the hypotheses that instead pre-
dict more exploitation. Yet because incentive design
has a pronounced effect on learning and goals, we ran
additional studies (Studies 6 and 7) to examine the
effect of different incentive structures—bonus payment
for meeting the goal versus piece-rate incentives—to
establish boundary conditions (see Online Supplement,
Section 5).

Measures

Exploitation. To test Hypothesis 1, we needed to cap-
ture exploitation choices. In line with prior work, we say
that decision makers exploit if they choose the alterna-
tive they believe gives the highest payoff and explore oth-
erwise (Daw et al. 2006, Song et al. 2019). Therefore, to

measure exploitation, we needed to estimate the decision
makers’ beliefs about each of the alternatives.

Belief calculation involved multiple steps. First, we
observed the outcome received by the participant in
each round. Second, we classified this outcome as a suc-
cess or failure based on whether the payoff was at least
equal to (success), or lower (failure) than the goal.12 Suc-
cess (failure) was coded as 1 (0, respectively). Third, we
updated the participant’s beliefs using the average
updating rule. With beliefs calculated in round ¢, we
then coded the participant’s explore-exploit choices in
round f + 1. If in round f + 1 the participant chose the
option that had the highest belief in round t, then we
coded the variable exploitation as 1. Otherwise, we
coded this as 0.

We checked the robustness of this measure in multi-
ple ways. First, we also calculated beliefs using a contin-
uous measure of outcome, as the difference between the
payoff received and the decision maker’s goal, again
averaging the beliefs. Second, we calculated beliefs
using a discounted memory updating rule following
Christensen et al. (2021), such that early feedback is
weighted less than recent feedback. Finally, we esti-
mated the decision maker’s beliefs about which option
is the best or worst in any given round by fitting the parti-
cipant’s choices and payoffs into a temporal difference-
learning algorithm and a softmax choice algorithm
(following the extant literature, see Daw et al. 2006,
Laureiro-Martinez et al. 2014; please see Online Supple-
ment, Section 3, for details). We calculated beliefs using
the learning parameter used in the best fitted model.
These robustness checks are shown in Online Supple-
ment Section 4.

Performance Was Measured in Two Ways. To test
Hypothesis 2a, we measured how frequently a decision
maker chose the truly best option among the three
choices (which were known to us but not known with
certainty to the experiment’s decision makers). In the sta-
ble environment (Hypothesis 2a), this option did not
change over the course of the study; in the environmental
shock condition (Hypothesis 4a), we measured how fre-
quently decision makers chose the truly best new option
after the shock in round 30. To test Hypothesis 2b, we
took the cumulative points earned by a decision maker
over the 50 rounds in order to compare relative perfor-
mance. To test Hypothesis 4b, we measured the cumula-
tive points in the post-shock period, rounds 31-50, and in
the extended post-shock period, rounds 51-80.

Belief strength Captures How Confident the Decision
Maker is About the Accuracy of Their Beliefs. As dis-
cussed earlier, in prior work, the magnitude of the dif-
ference in the beliefs between two options is directly
related to the probability of choosing the option with
the higher belief. The higher this difference, the more
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‘confident’ the decision maker is that the superior option
is in fact superior. We use this idea to test Hypothesis 3,
and measure decision maker’s belief strength in three dif-
ferent ways. For our main measure, we calculate belief
strength as the difference in the decision maker’s beliefs of
the best and worst options, as experienced by each deci-
sion maker (which need not be the first and third option
respectively). The greater this difference, the higher the
belief strength. For our robustness checks, we calculated
belief strength as the difference in success rate of the best
(option 1) and worst (option 3) alternatives. Successes
(and failures) experienced by each participant were com-
puted based on whether the payoff experienced in each
round was above (or below) the assigned goal. Finally,
following Posen and Levinthal (2012), we calculated belief
strength as the variance across beliefs. Our results remain
robust to these alternative specifications of belief strength.
While the correlation between these three measures are
high, the correlation between exploitation and these three
measures of belief strength are low, alleviating any con-
cerns that the measures for these two constructs may be
highly correlated."?

Results

In discussing the results, we will briefly summarize
each of the study conditions and then document our
findings. We predicted that performance goals dynamically
affect decision makers’ belief strength about the relative attrac-
tiveness of different options over time, which affects their
exploration-exploitation behavior and therefore their perfor-
mance. This mechanism improves performance in stable
environment yet reduces adaptability and performance
in the short-term when a shock alters the environment.
Since we manipulate whether the goals are challenging
versus moderate, we used ANOVAs to test the differ-
ence in exploration-exploitation choices and perfor-
mance across the goal conditions.

Study 1: Moderate and Challenging Performance
Goals in a Stable Environment

In Study 1, participants played the three-armed bandit
game in a stable environment; the payoffs were uni-
formly distributed, with means 25, 20, and 15 for options
1,2, and 3, respectively, and a constant interval of =10.
The challenging (resp. moderate) goal is set at 25 (resp.
20) points per round, adding up to 1,250 (resp. 1,000)
points over 50 rounds. All results for Study 1 are sum-
marized in Table 3.

We predicted that decision makers with a challenging
performance goal would exploit more (Hypothesis 1).
We found that participants in the challenging-goal con-
dition chose the option they believed to be best more
often (M =29.4, SD = 5.4) than did those with a mod-
erate goal (M = 24.9, SD = 5.5; F-statistic = 34.0, p-
value = 0.000)—outcomes that support Hypothesis 1.

In addition, we proposed that decision makers with a
challenging performance goal would be more likely
than those with a moderate goal to choose the objec-
tively best option (Hypothesis 2a). We found that
participants in the challenging-goal condition chose
option 1, the objectively best option more often (M = 29.1,
SD = 5.4) than those with a moderate goal (M = 26.4, SD
=44; F =152, p =0.000), providing support for Hypothe-
sis 2a. We also found that cumulative performance is sig-
nificantly higher in the challenging-goal condition (mean
M = 1,111.0, standard deviation SD = 53.6) than in the
moderate-goal one (M = 1,080.6, SD = 57.8; F = 144, p =
0.000); these results support Hypothesis 2b. In the Online
Supplement, Section 4, we show that exploitation deci-
sions mediate the relationship between assigned goal
and performance.

Driving the observed choices, we predicted that chal-
lenging goals would help decision makers form stron-
ger beliefs about the relative attractiveness of the higher
payoff options (Hypothesis 3). We found that belief
strength was indeed higher for participants facing chal-
lenging performance goals (M = 0.47, SD = 0.15) com-
pared with those facing moderate ones (M = 0.45, SD =
0.17; F = 35.9, p = 0.000). Table 3 reports consistent re-
sults with two alternative measures for belief strength.
These results provide support for Hypothesis 3. The re-
gression analyses shown in the Online Supplement, Sec-
tion 4 are consistent with the proposed mechanism.

Taken together, the results suggest that the challeng-
ing performance goal allows decision makers to distin-
guish the superior options from the inferior one more
easily than the moderate goal does. Yet, given adequate
sampling by the decision makers, all participants should
be able to distinguish between the available options.
Why does setting a challenging performance goal pro-
vide an advantage? In order to explore this question we
apply the idea from the tau-switch model from Lee et al.
(2011). This model suggests that explore-exploit deci-
sions in humans can be treated as a problem where par-
ticipants move from an “explore” state, where they
choose among the available options, to an “exploit”
state, where participants stop sampling the option(s)
believed to be inferior. A more detailed explanation of
how we used the ideas behind the tau-switch model is
presented in the Online Supplement, Section 4.2.

The results indicate that decision makers with the
challenging performance goal stopped sampling the
worst option sooner (M = 32.7, SD = 12.7) than those
with a moderate one (M = 404, SD = 10.6; F =20.7, p =
0.000). As a consequence, participants with a challeng-
ing goal developed greater belief strength about the rel-
ative attractiveness of their believed-to-be-best over the
believed-to-be-middle option (M = 0.24, SD = 0.26) com-
pared with those with a moderate goal (M = 0.23, SD =
0.22; F = 7.08, p = 0.008). This is because, participants
with a challenging goal sampled the worst option fewer
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times (following pathway a), allowing them to sample the
remaining two options more exhaustively, and distinguish
between them (following pathway b).'* Together, these
results further lend support to our theorized mech-
anism that performance goals dynamically affect decision
makers’ belief formation about the relative attractive-
ness of different options over time, which affects their
exploration-exploitation behavior and hence performance.

Study 2: Moderate and Challenging Performance
Goals in a Disrupted Environment

We next study how challenging versus moderate goals
influence exploration-exploitation decisions when the
environment changes, reducing the value of prior learn-
ing. In Studies 2a and 2b, participants played the same
three-armed bandit game; the payoffs were uniformly
distributed, with means 25, 20, and 15 for options 1, 2,
and 3, respectively, and a constant interval of *10.
However, after period 30, the underlying payoffs re-
shuffled so that option 3 became the objectively best
option (M = 25) and option 2 became the worst one
(M = 15) (as shown in Figure 2). While Study 2a other-
wise replicates Study 1 exactly, Study 2b extends the
duration to 80 rounds so that we can examine decision
makers’ behavior and performance after an adjustment
period. All results for Studies 2a and 2b are summarized
in Table 3 and the verbatim instructions are available in
the Online Supplement, Section 1.

We predicted that decision makers with a challenging
performance goal would be at a disadvantage when
faced with an environment shock compared with deci-
sion makers with a moderate goal. We found that partici-
pants in the challenging-goal condition indeed chose the
newly changed best option less frequently after the dis-
ruptive environmental shock (M = 4.99, SD = 3.70) than
did those with a moderate goal (M = 7.45, SD = 4.06;
F-statistic = 20.08, p-value = 0.000)—outcomes that sup-
port Hypothesis 4a (replicated in Study 2b) and highlight
that false negatives are not as easily corrected. We further
predicted that this slower deviation from the previously
superior choice will lead to lower overall performance
immediately after a disruptive shock (where cumulative

performance is measured between rounds 31 and 50).
We found that the immediate post-shock performance
for decision makers with a challenging goal were lower
(M =406.27, SD = 30.10) than performance for those with
a moderate goal (M = 416.44, SD = 36.21; F-statistic =
4.31, p-value = 0.039); supporting Hypothesis 4b (repli-
cated in Study 2b). Finally, we found that after an exten-
sive adjustment period (rounds 51 to 80), performance
and exploitation behavior of the decision makers with
the challenging goal returned to pre-shock levels (as pre-
sented at the bottom of Table 3).

Study 3: Boundary Conditions: Extended
Performance Goals

The theory and results reported above rely on the per-
formance goal to be both meaningful and achievable. In
Studies 3a and 3b we examine the boundary conditions
of our findings, by including additional performance
goals. In Study 3a (resp. 3b) participants played the
same three-armed bandit game as in Study 1 (resp.
Study 2b). We again manipulated the performance goals,
but we expanded these to include not just the challeng-
ing (25) and moderate goals (20) but also a symmetrical
low goal (15) and two options at the extreme edges of
possible payoffs (5 and 35, respectively). These addi-
tional goal manipulations and their uniformly distrib-
uted payoff ranges are shown in Figure 3. All results for
Study 3a (resp. 3b) are summarized in Table 4 (resp.
Table 5). All other boundary conditions are discussed in
Online Supplement, Section 5.

Feedback Interpretation with Low Goal in a Stable
Environment. The low goal condition (goal = 15) mir-
rors the challenging goal condition (goal = 25). In the
low goal condition, the decision maker always receives
a success feedback (from option 1), in contrast to the
challenging goal condition where the decision maker
always receives a failure feedback (from option 3 as
shown in Figure 2b). Thus, we might expect that the low
goal condition helps the decision maker learn faster,
that is, identify the superior option (always success)
sooner, similar to how the challenging goal condition

Figure 3. (Color online) Feedback Interpretation for the Extended Goal Conditions

(@) (b)
Feedback Interpretation for LOWER-EDGE goal
Lower-edge goal = 5 points (per round)

Feedback Interpretation for LOW goal
Low goal = 15 points (per round)

(©
Feedback Interpretation for UPPER-EDGE goal
Upper-edge goal = 35 points (per round)

Option 1 15 25 35 15 25 35 15 25 35
: Success : Success
Option 2 10 20 30 10 20 30 10 20 30
Success Fﬂﬂum Success
Option 3 0:5 15 25 05 1:5 25 05 15 25
] Success -a m Success
Goal =5 Goal = 15 Goal = 35
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helps the decision maker identify the inferior option
(always failure) sooner.

To test this logic we compare exploitation, perfor-
mance, and belief strength between decision makers
with the low (15), moderate (20) and challenging goals
(25). The results, summarized in Table 4, show that
decision makers in the low goal condition exhibit per-
formance, exploitation behavior, and belief strength
similar to the moderate goal decision makers, not the
challenging goal condition they were set up to mirror.
This is surprising when we focus solely on the way
that both these performance goals allow the decision
makers to discriminate between some of the options
more easily. One possibility is that the goal was so low
that subjects reverted to do-your-best process, where cur-
rent average performance is treated as an endogenous
goal.”” Simulations suggest this process most closely
resembles our data (please see Online Supplement, Sec-
tion 4.3).

The Value of “Meaningless” Performance Goals in a
Stable Environment. One of the boundary conditions
in the goal setting literature is that the goals must be
meaningful. Yet, when neither the manager nor her
superior has a useful reference point, performance goals
may be set unrealistically high (or uselessly low). Here,
we examine what happens when the goals are either too
high or too low relative to the feedback decision makers
receive from their investment options (all coefficients
and comparisons are reported in Tables 4 and 5). We
find that decision makers with an upper-edge goal (of
35) exploit to a similar degree as do those with a moder-
ate goal, while those with a lower-edge goal (of 5)
exploit considerably less, compared with the moderate
goal condition. We see the same pattern when we com-
pare how often decision makers facing these goals select
the truly best option. Despite that similarity, we find
that decision makers with both lower-edge and upper-
edge goals perform similarly and worse than those with
moderate goals.'® Finally, we find that the decision
makers with a moderate goal developed higher belief
strength compared with those subject to the upper-edge
or lower-edge goal."”

Goal setting theory suggests that when subject to unre-
alistic goals, individuals switch back to a do-your-best
mode (Locke and Latham 1990). In addition, prospect
theory suggests that decision makers are less sensitive to
successes compared with failures. Combining these pre-
dictions with the upper-edge goal acting as an anchor, in
this context it is likely that decision makers will gravitate
toward the option that reduces the magnitude of failures.
These two effects together may explain why decision
makers facing the upper-edge goal exploit more than the
lower-edge goal, but still less than the challenging goal. It
also explains why decision makers facing the upper-edge
goal exploit similar to the moderate goal condition,

which benchmarks performance to the average payoff
across the three options.

The Effect of “Meaningless” Performance Goals in a
Disrupted Environment. The results from Study 3b in
which we replicate the disrupted environment from 2b
with extended goals, show similar patterns as Study 3a
in the 30 rounds prior to the shock. Exploitation by par-
ticipants with upper-edge, lower-edge, and low goals is
similar to those with a moderate goal (see Hypothesis 1
results in Table 5), although here (at round 30 rather
than round 50) we do not find a significant difference
between the lower-edge goal and the others. This pat-
tern persists when we compare how often decision
makers facing these goals select the truly best option as
well as their performance. However, we do find that the
decision makers with a moderate goal developed higher
belief strength (already at round 30) compared with those
participants with the upper-edge or lower-edge goal.

In the period immediately after the shock (rounds
31-50), we found that participants” choices in the low goal
(15) condition were indistinguishable from those with a
moderate goal (see Hypothesis 4a results in Table 5).
Since the environmental shock is particularly detrimental
for participants with a challenging goal, we examine how
the edge-goal conditions compare with those: We found
that participants with a low goal (of 15) switched faster
and performed better than those with a challenging goal
(coefficients reported in Table 5). As expected given the
lower belief strength, participants with the lower-edge
goal as well as those with the upper-edge goal switched
to the newly best option faster than did those with a chal-
lenging goal. It is plausible that the edge goals create
some anchoring, that may influence participant decisions.
Further research is required to fully understand how
goals that are too high or too low differ from each other
and from do-your-best goals in how participants choose
under uncertainty.

Robustness Checks. Several robustness checks are
presented in the Online Supplement. In Section 4 we
present additional mechanism tests and robustness to
different ways of calculating beliefs. Section 5 contains a
discussion of boundary conditions, including studies
we ran with different incentive structures, a positive
environment shock, and do-your-best/no explicit goal
conditions. We find that our findings are strengthened
when there is a positive environment shock, where
another option performs better than the current option,
which itself remains unchanged. In this case, decision
makers subject to a challenging goal do not explore,
since the mechanism leading to exploration in the base-
line turbulence condition, where the newly false posi-
tive is corrected with further sampling does not occur in
this case.'® Furthermore, we find that our results remain
the same or strengthen under an incentive scheme that
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makes the goal more salient, such as a bonus reward
for achieving the goal, but considerably weakens when
the performance goal becomes less salient such as when
decision makers are subject to a piece-rate incentive
scheme.'” Section 6 shows supplementary analyses to
ascertain effect sizes across our studies by employing
the Single Paper Meta-Analysis method (McShane and
Bockenholt 2017).

Discussion

Performance goals play a key role in guiding the
decision-making process in organizations (March and
Simon 1958, Cyert and March 1963). Employees are fre-
quently evaluated against performance goals set by
their superiors, such as sales or profit targets. Failure to
meet these goals often has significant negative conse-
quences for employees. Yet employees frequently do
not know which actions will lead to outcomes that
exceed their goals. In other words, employees face con-
siderable uncertainty in their decision making about
which actions to choose from among various alternatives,
having to strike a balance between exploring new oppor-
tunities and exploiting existing knowledge (March 1991).

Our work contributes to the exploration-exploitation
literature by investigating how exogenously set perfor-
mance goals influence employees’ decisions to explore
versus exploit, and their performance consequences.
We bring a learning perspective to this problem in con-
trast to the risk-taking perspective that is more preva-
lent in the empirical work on problemistic search. We
thus answer the call by Denrell (2008) for further empiri-
cal research on problemistic search using a learning
lens, considering much of this work in the management
literature remains theoretical. Our work builds on the
empirical literature on the explore-exploit problem in
neuroscience and psychology under do-you-best goals
and adds exogenous performance goals to this setup.

In a series of laboratory studies, we found that decision
makers subject to challenging goals exploit more (relative
to those with moderate goals), where exploitation is con-
ceptualized as choosing the option the decision maker
currently believes to be best. We also showed that such an
exploitation focus proves beneficial in stable environ-
ments, but detrimental in unstable ones, when a shock
alters the relative attractiveness of the available options.
We thus add empirical traction to the study of how per-
formance goals influence learning in nonstationary envir-
onments, which has thus far remained understudied.

The mechanism underlying this result arises from how
performance goals influence the way individuals inter-
pret feedback (e.g., Simon 1955). Individuals subject to
challenging performance goals are more likely to inter-
pret feedback from poor alternatives as failures. There-
fore, they quickly develop high belief strength that the
inferior alternative is worse than the superior alternative,

enabling them to reduce ‘useless exploration’. This mech-
anism suggests a boundary condition for when goals
improve performance—that is, only when they allow
for such discrimination. Our empirical tests support this
theory.

In addition, we show that goals enhance learning
only when they allow for identifying inferior options
quickly; they are less effective when they allow for iden-
tifying superior options. Similarly, when goals are set
unreasonably high individuals revert to a “do your
best” mode. These results suggest that there may be lim-
ited downsides to setting challenging goals from a
learning perspective, although our theory does not con-
sider other psychological influences. This suggests an
interesting avenue for further deepening our under-
standing about how low versus high performance goals
influence learning under uncertainty, although in prac-
tical settings, when mangers can perform at least some
kind of benchmarking, goals are likely to be set to be
more challenging rather than less.

Our work also contributes to the goal-setting litera-
ture. Although that work is predominantly focused on
how concrete and measurable performance goals influ-
ence behavior (Locke and Latham 2002, 2006), how such
goals influence learning is so far understudied. Scholars
have shown two boundary conditions to the main prop-
osition that challenging goals increase performance;
high task complexity and situations where goal attain-
ment depends more on luck than effort. We investigate
the effect of goal setting in a learning task, where indivi-
duals need to determine quickly which alternatives
result in superior payoffs. We show that challenging
goals increase belief strength about the inferiority of rela-
tively poor outcomes, thus making learning easier, and lead-
ing to improved performance. However, this very aspect
leads to inferior outcomes immediately following a disrup-
tive shock. This finding contributes to the larger discus-
sion around the boundary conditions for when goal
setting improves performance. The idea that challeng-
ing goals may have different consequences when tasks
emphasize search versus choice (learning) behavior is
an important insight that requires further study.

Our study also contributes to better understanding
some of the empirical inconsistencies in the goal setting
literature, as well as suggesting some directions for
future research. Ordoéfiez et al. (2009a, b), share several
anecdotes about how challenging goals led managers to
make risky decisions that ultimately led to poor perfor-
mance. In response, Locke and Latham (2009) cite the
work by Kerr and Landauer (2004), who found that set-
ting relatively challenging goals to middle managers
improved their performance at General Electric (GE).
They attributed this improved performance to greater
exploration by the middle managers. Recently, how-
ever, the GE story was reinterpreted to argue that chal-
lenging goals led managers to underinvest in R&D that
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had low short term returns in favor of over-investing in
outsourcing and in GE Capital that provided immediate
high returns, but was more vulnerable to shocks (Olen
2020, The Economist 2020, Gelles 2022). In unrelated
work, Noda and Bower (1996) made a similar point
when they argued that under discontinuous change in
the telecommunications market, middle managers with
challenging performance goals were more likely to
exploit, which led to long term performance declines,
whereas middle managers held to comparatively mod-
erate goals explored more, leading to improved perfor-
mance longer-term.

These findings from prior work are in line with our
own findings. In both cases, middle-managers faced a
resource allocation problem, which is akin to a situation
where managers balance the explore-exploit trade-off
while learning under uncertainty about the relative
attractiveness of choices. Consistent with our findings,
challenging goals led these managers to quickly identify
the high-performing alternative, but this learning was
vulnerable to environmental turbulence. There is a need
for future empirical work, perhaps qualitative in nature,
to understand whether our mechanism—too-rigid men-
tal models (too strong beliefs) arising from challenging
goals—were an important explanation for this failure to
adapt. The Polaroid case by Tripsas and Gavetti (2000)
does suggest the importance of cognitive inertia, al-
though whether high performance goals from their his-
torical superior performance led to these rigid mental
models is unclear. More importantly, search and choice
are interrelated in managerial problems. Our findings,
combined with previous studies, suggest that goal-
setting may have different effects on search problems
versus choice problems. Future research should further
examine how goal setting influences decision making
under situations where both search and choice (learn-
ing) are important. One direction to explore is whether
organizations can separate search tasks from choice
tasks and thus use different goal manipulations for these
different populations.

Our study has interesting managerial implications.
Goal setting is ubiquitous in organizations, and most
employees” work is geared toward meeting their goals.
Such goal setting happens regardless of the exhortation
to do-your-best. Managers have sales targets, although
they are incentivized to sell as much as they can. Fund
managers aim to beat the index, although they also have
incentives for maximizing fund returns. Academics aim
to publish enough to get tenure although the more they
publish the better off they are. In many instances, it may
not be very difficult to identify meaningful goals, that is,
goals that are achievable by identifying superior strate-
gies. However, identifying the superior strategy is typi-
cally non-trivial, since it depends on a combination of
individual skills, organizational resources, and market
requirements. Frequently, environmental changes make

existing best practice or strategy unattractive, and em-
ployees need to look for other alternatives that they do
not know very much about, triggering the learning
problem. Although in new-to-the world scenarios mean-
ingful goals may be difficult to identify, competitive
benchmarking may make it more likely that such goals
can be identified even in situations that are novel to
the firm.

Even when it is difficult to identify meaningful goals,
it is perhaps worthwhile to set challenging goals in
choice (learning) problems. For example, in the race to
develop a COVID vaccine, Johnson & Johnson set itself
a goal of 90% efficacy, whereas Sinopharm set a goal of
70% efficacy, although they pursued very different tech-
nologies than the one pursued by Pfizer which achieved
a 95% efficacy rate.”” In this case, although efficacy rates
of 70% and 80% were identified by scientists as desirable
for a vaccine candidate to prevent an epidemic versus
extinguish it,”' there was no precedent to understand
whether the technology platforms pursued were capa-
ble of delivering these goals. Nevertheless, meaningful
goals were set against which employees could judge the
adequacy of their efforts. Our study suggests that there
appears to be limited downside to setting high goals.
In these cases employees’ appear to revert to a do-
your-best mode, compared with setting goals too low
where employees appear to explore more than optimal
(although our mechanism ignores other plausible psy-
chological effects of setting unachievably high goals).
However, as we suggested earlier, goal-setting needs
to be performed carefully when both search and choice
are involved, and in this case, as far as we know, theory
currently does not offer a useful guide to practice.

Boundary Conditions and Extensions

The mechanism and results reported in this paper are
certainly sensitive to various factors. In robustness
checks, we have shown that incentive designs that rein-
force the performance goals strengthen the mechanism
at play, while those that override or replace the goals
with a strong performance focus appear to diminish
their influence. They are also sensitive to whether the
different goals provide meaningful ways to differenti-
ate better from clearly inferior options, and do not
appear to work symmetrically for the selection of clearly
superior ones. Very high performance goals that are
impossible to achieve, or very low ones that are trivial
to achieve, do not provide any useful signals for the
decision makers. In such cases, we expect decision
makers to disregard these goals and instead to endoge-
nously develop and update their own aspiration level.
In our data, it appears that individuals with the lower-
edge goal explore more than those with the higher-edge
goal. This may be because the endogenous aspira-
tion level for the higher-edge goal may be higher due
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to anchoring. However, the mechanism(s) underlying
these effects warrant further investigation.

Finally, we have highlighted a number of open ques-
tions and avenues for future research that naturally fol-
low from our study of how performance goals influence
the adaptive learning process, explore-exploit choices,
and performance. There is a need to develop theory
around how organizations adapt to externally imposed
aspirations, such as from investors and analysts. Our
research setup implied that actors take the performance
goal as a given, which holds more likely true at the indi-
vidual level than at the organization level. A long
tradition in behavioral research has considered how
aspirations adapt to performance (March 1988), espe-
cially at the firm level (Greve 2003, Audia and Greve
2021). Managers’ choices may be informed not just by
feedback, but also by others” choices and preferences,
such as imitative behavior or deference to the market
(Brandenburger and Polak 1996, Greve 2009, Levine
and Zajac 2023). For example, such forces can influence
belief formation by combining experiential and social
processes. Prior work has mainly considered historical
and social processes as influencing aspirations or goals,
rather than beliefs about the relative attractiveness of
choices. As such future work can investigate these pro-
cesses. Since managers often face multiple goals, consid-
ering how differing levels of multiple goals influence
adaptive behavior (Gaba and Greve 2019, Audia and
Greve 2021) is an important but underexplored area,
although one of significant importance, since many
firms use the balanced scorecard or similar approaches
to goal setting. Finally, similar to prior empirical work
in the explore-exploit problem, we too are unable to
measure participants’ beliefs directly, but instead infer
them by fitting their choices and associated payoffs in a
reinforcement learning model. More work is required to
identify innovative techniques that may allow us to
measure beliefs directly in such learning tasks.

Conclusions

Overall, the aim of this paper was to examine whether
and how performance goals matter to the adaptive learn-
ing process. We show that the performance goal affects
the way individuals interpret feedback which in turn
affects their belief strength about the relative superiority
of the available alternatives. This mechanism helps us
explain why challenging (versus moderate) performance
goals improve performance in stable choice situations,
but hinder adaptation and reduce performance in chang-
ing environments. By highlighting this core relationship,
we hope to have opened new avenues of future enquiry
into the underlying processes.
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Endnotes

1 Prior work uses terms such as adaptive learning, reinforcement
learning, learning from feedback, and learning by doing to describe
this iterative process; we too use these terms interchangeably.

2 Goals that are meaningless (e.g., too high or too low relative to the
payoffs received) may not help individuals differentiate between
better versus worse options, since then all outcomes will appear
similarly attractive or not.

3 Note that what organization theory scholars label search tasks,
goal setting scholars label as learning tasks.

“See https: //www.jnj.com/innovation/questions-about-johnson-
johnson-investigational-covid-19-vaccine, published on 01/05/2021,
accessed on March 25, 2023.

5 They could of course run multiple experiments at the same time. For
explanatory convenience, we treat this as a sequential choice process.

6 Unlike the games described in many goal-setting studies (cf:
Heath et al. 1999), in this game, the three options have equal risk
(i.e., their variance in payoffs is identical). This setup follows Den-
rell’s (2008) call to treat the firms’ choice between exploration-
exploitation as an issue of learning rather than risk taking, the latter
approach being more common in the empirical literature in the
behavioral theory of the firm.

7 This begs the interesting question of what happens when the goals
are not meaningful (too high or too low). They cannot help with learn-
ing, since they do not meaningfully categorize the payoff space. We
will explore this further in the boundary conditions of the study.

8 Recall our prior discussion of the two ways belief strength increases
in adaptive learning processes; pathway (a) and pathway (b). We do
not repeat them here for the sake of brevity. With pathway (b), given
adequate time, most individuals will achieve high belief strength that
the truly inferior option is worse than the truly superior option regard-
less of their performance goal. However, individuals with challenging
goals are likely to reach high belief strength earlier than those with
moderate ones, because the challenging goal strengthens pathway (a).

9 Bandit tasks have been used extensively to study exploration-
exploitation behavior in both theoretical and empirical studies. As
Simon (1947) stressed, exploration-exploitation decisions are inher-
ently behavioral because prior probabilities are unknown and must
be learned in a trial-and-error process. And because choice and
learning processes are intertwined in these problems (March 1996,
Sutton and Barto 1998), experimental studies can be used to make
valuable inferences by precisely controlling what information is
available (Sterman 1989, Edmonds 2001, Schunk 2009).

10 Gee https://osf.io/atqyd/?view_only=303dbaae51da4c6bb2caa7f
748fc0d17.

" These numbers (goals and cumulative points) were adjusted across
different boundary condition studies according to the performance
goal given, or the number of rounds the game was played. Please refer
to Section 1 in the Online Supplement for all verbatim instructions.

21n the no-goal condition reported in the robustness checks we
classified a pull as a success if the outcome was at least equal to the
average performance until that moment, or at least equal to 20 if it
was the first pull.

13 We thank an anonymous reviewer for pointing out this potential
confound. The correlation table is shown in the Online Supplement,
Section 4.
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"1t is plausible that the participant with the lower goal does not
choose the truly best option and has lower performance because
they satisfice based on their lower goal. In that case, they should
switch from the “explore” mode to “exploit” sooner, as suggested
by the tau-switch model. These results directly test this idea and
find that it is not supported in our data. We thank an anonymous
reviewer for pointing this out.

5 Exit surveys support this assumption; see Online Supplement,
Section 1.

18 We suspect that the non-significant difference in performance
between the upper- and lower-edge goal is due to lack of power (the
p-value is 0.13); since individuals under both conditions likely set their
own endogenous goals, it is likely that any performance differences
between them are smaller, and require more power to identify.

7 The upper-edge goal also develops higher belief strength than the
lower-edge goal, since some decision makers do receive some suc-
cesses from option 1 (when it pays 35, which is equal to the goal).
However, for the lower edge goal, the decision maker only receives
successes, since the lower value they receive is equal to the goal.

18 We thank Jerker Denrell for suggesting this test.
19 We thank the editors for suggesting these tests.

20Gee  https: //www.jnj.com/innovation/questions-about-johnson-
johnson-investigational-covid-19-vaccine, and https://www.busin
esswire.com/news/home/20201118005595/en/.

21 Gee Bartsch et al. (2020) and Meng et al. (2021).
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