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1. INTRODUCTION 

Learning from experience is crucial for adaptation and to improve performance. Experiential 

learning takes place by making choices, observing the outcomes, and altering future choices 

accordingly (Levitt and March 1988 March and Olsen 1975). Over time, such learning is 

expected to improve choices and outcomes (Lant and Mezias 1992), but only when decision 

makers can classify outcomes as either successes or failures. This dichotomous outcome has 

clear behavioral implications -  change after failure or persist after success (Greve 2002).  

Such classification may be complicated when experience is ambiguous, i.e. a choice 

may not always produce an outcome that can be readily classified as success or failure (Rerup 

2006). In particular, outcomes are ambiguous when they allow for classification into more 

than one category (Repenning and Sterman 2002). Prior literature has examined how learning 

from ambiguous outcomes may occur through attention and mindfulness (Levinthal and 

Rerup 2006). However, different choice contexts are likely to differ in the type of ambiguous 

experience they create (Weick and Sutcliffe 2006). It is therefore important to understand 

when learning under ambiguity is possible. Such choice contexts include situations when (1) 

decision makers do not have enough prior experience to determine a sensible threshold 

between success and failure (i.e. they do not have enough data to formulate historical 

aspirations), (2) choices do not produce observable outcomes, or (3) it is unclear if the 

decision maker’s choice or external factors are causing the observed outcome. In this 

dissertation, I aim to study these impediments to experiential learning, particularly when 

decision makers perceive outcomes as ambiguous. 

I explore three choice contexts of learning under ambiguity using experiments and a 

large dataset on restaurants in New York affected by gentrification as well as short simulation 

experiments.  
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 In chapter 2 (study 1, co-authored with João Duarte and Dirk Martignoni) we aim to 

identify when social comparison improves or reduces search efficacy in contexts of 

insufficient prior experience. Social comparison is common in organizations and takes the 

form of pay transparency, ratings and rankings, among others.   

In our study, we seek to enhance our understanding of the implication of this kind of 

information for search and, in turn, performance. Using a series of online experiments, we 

identify conditions under which peer performance information may have a positive or 

negative effect on performance. We identify the number of potential choice alternatives as a 

novel moderator affecting the performance implications of peer performance information. 

Our study also sheds new light on the mechanism through which peer performance 

information may affect (search) performance: positive performance effects only arise if peer 

performance suppresses rather than induces search. 

In chapter 3 (study 2, co-authored with J.P. Eggers) we turn to examining choices 

which do not produce observable outcomes. Specifically, we are interested in learning from 

omission errors. Within organizations, the ability to learn from mistakes in general is central 

to performance improvement and adaptation. But different types of errors importantly 

produce different levels of observable feedback – commission errors generally produce direct 

feedback, but omission errors often do not. Thus, in order for managers to learn from 

omissions they must have the ability to know the outcomes of choices not pursued. One key 

source of such information comes from observing competitors, but attending to competitors 

may in itself affect learning and adaptation. In a series of experiments, we study whether 

decision makers learn from feedback provided by observing competitors. We argue and find 

that decision makers’ ability to learn from their decision errors depends on their position 

relative to the competitor. Specifically, leaders tend to learn from their omission errors 

because they actually pay attention to competitor decisions, but laggards tend to learn only 
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from commission errors. This has implications for our understanding of learning from failure 

and organizations’ attempts to learn from competitors. 

In chapter 4 (study 3, co-authored with Zur Shapira) we explore how learning is 

inhibited by noisy feedback on outcomes and specifically, how the pace at which the 

environment is changing impacts organizational adaptation and survival. Such change is 

often viewed as discontinuous. We introduce the concept of continuous radical change by 

which old beliefs are rendered fallacious at an incremental pace. We theorize that incremental 

change can be as harmful as discontinuous change because it can remain undetected for too 

long by incumbent organizations. Specifically, we argue for a curvilinear relationship 

between the pace of environmental change and the organizational lifespan. We test our 

predictions using data from some 31,000 restaurants in the New York City Metropolitan area 

between the years 2007-2018. We use a fixed effects regression model to test for differences 

in the lifespan of restaurants located in areas of slow but radical gentrification versus those 

located in areas with accelerated and radical gentrification. We find support for an inverted 

U-shape between the pace of gentrification and restaurant lifespan. We explore whether this 

relationship is driven by differences in restaurants’ adaptation behavior. 

Overall, my dissertation makes two main contributions that distinguish it from prior 

research. Theoretically, I identify choice contexts that produce ambiguous outcomes, and 

discuss under which conditions decision makers should attempt to learn from such outcomes. 

Empirically, I develop a novel experimental design to measure search and learning. I 

complement the experiments with a unique dataset of gentrification and restaurants in New 

York that allows for the study of exogenous environmental change.  
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2. THE SOCIAL COMPARISON TRAP 
 
Introduction 

Social comparison among employees is common across all kinds of organizations (Adams 

1963, Festinger 1954, Nickerson and Zenger 2008). Social comparisons often arise naturally 

whenever employees can observe their peers’ performance (Kacperczyk et al. 2015, 

Nickerson and Zenger 2008). At the same time, organizations may also seek to promote 

social comparisons through, for example, providing their employees with performance 

rankings and ratings (Greve 2003b, Greve and Gaba 2017). Manipulating the availability of 

this peer performance information is an important aspect in designing the “social 

architecture” of organizations (Lee and Puranam 2017, Nickerson and Zenger 2008). In so 

doing, organizations hope to improve the efficacy of their employees’ search processes 

(Baumann et al. 2018, Greve and Gaba 2017). Most importantly, providing information about 

better performing peers may trigger search, thereby helping to overcome problems of inertia 

and overexploitation (Chen and Miller 2007, Greve 2003a, Greve and Gaba 2017).   

Though intuitively appealing, empirical research has produced mixed findings on the 

performance implications of social comparisons. Some studies point to positive performance 

effects (Blanes i Vidal and Nossol 2011, Stark and Hyll 2011) while others find negative 

performance effects of social comparisons (Nickerson and Zenger 2008, Obloj and Zenger 

2017, Pfeffer and Langton 1993). Together, these findings suggest that the link between 

social comparison and performance outcomes is under-theorized, in particular that potential 

moderating effects are neglected. 

In our study, we seek to refine our understanding of how and when social 

(performance) comparisons may affect the efficacy of search processes and, in turn, 
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performance1. Specifically, we conducted a series of repeated-choice experiments in which 

we manipulated the availability of information about how peers performed in these 

experiments. We find that social comparison may improve or hamper the efficacy of search, 

depending on the type of search problem they face. Interestingly, and in contradiction to 

previous arguments (Chatterjee et al. 2003, Greve 2003b), positive effects of social 

comparison arise if the availability of peer performance information suppresses (rather than 

spurs) search and exploration. Negative effects, in contrast, arise if peer performance 

information induces exploration, specifically in contexts where overexploitation seems to be 

the key problem, i.e. when they face a multitude of decision alternatives. In sum, in refining 

and extending the scope of existing search-based theories, we seek to explain both the bright 

and the dark sides of social comparison. We identify boundary conditions for the positive and 

negative effects of social comparison (induced through peer performance information) in 

terms of the type of problem searched and in particular, the number of decision alternatives.  

Our study contributes to the existing literature in several ways.  First, we refine 

existing search-based theories to explain the emergence of both positive and negative effects 

of social comparison and identify boundary conditions for these opposing findings. While we 

are not the first to point to both positive and negative effects of social comparison, our theory 

allows explaining both positive and negatives within one theoretical framework, without 

resorting to adding other mechanisms such as envy (Mui 1995, Nickerson and Zenger 2008), 

effort (Blanes i Vidal and Nossol 2011, Levine 1993, Stark and Hyll 2011), or motivation 

(Gubler et al. 2006). For example, while it is often argued that social comparisons may have 

positive effects on search, they may also lead to envy among employees (Nickerson and 

Zenger 2008, Van de Ven 2017) and other asocial behavior (Charness et al. 2013, Chan et al. 

 
1 In our study, any differential effects of social comparison on performance are driven entirely by differences in 
search behavior rather than psychological factors such envy or motivation.  
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2014) as well as a reduced willingness to cooperate (Colella et al. 2007, Dunn et al. 2012, 

Nickerson and Zenger 2008). As a result, the overall effect of social comparisons may be 

negative. In our study, we point to the fact that even if we focus on the implications for 

search, social comparisons may have positive or negative implications, depending on the size 

of the choice set decision makers face. When facing a large choice set of many alternatives, 

decision makers are tempted to search for too long in their attempts to explore at least some 

share of the set of the available alternatives. Such attempts require searching more choices 

compared to smaller choice sets (i.e. fewer decision alternatives). As a result, they may 

search for too long as the optimal stopping point for search is only a function of the time 

horizon rather than the size of the choice set. Thus, when facing large choice set and provided 

with peer performance information, decision makers are lured into searching for too long.  

These findings also contribute to social aspiration theory (Cyert and March 1963, 

Greve 1998, Greve 2003b, March 1994) and stretch goal theories (Hamel and Prahalad 1993, 

Latham 2004, Kerr and Landauer 2004, Sitkin et al. 2011), intellectual offspring of social 

comparison theory. According to these theories, the benefits of social comparisons stem from 

the fact that observing better performing peers induces change (Audia et al. 2000, Lant 1992, 

Miller and Chen 1994), exploration (Baum and Dahlin 2007), and risk taking (Bromiley 

1991). After having observed better-performing peers, the status quo appears no longer 

satisfactory (Simon 1956) and (problemistic) search processes are triggered. Our study points 

to a novel mechanism of how social comparison may affect search processes. Peer 

performance information may serve as a substitute for exploration and may help 

organizations put into perspective the performance of alternatives it already tried and knows. 

Thus, social comparison may both trigger exploration when performance can improve and 

suppress exploration when performance is satisfactory. It can only do so, however, when 

decision alternatives are few. When decision alternatives are many, observing high peer 
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performance may spur exploration when performance can improve but fail to curb 

exploration when performance is satisfactory.  

Second, we discuss a novel mechanism by which social comparison affects 

performance outcomes. Prior research in the tradition of the behavioral theory of the firm 

highlights the role of social comparison as a means to overcome problems of inertia and 

under-exploration (Audia et al. 2000, Rhee and Kim 2014). Accordingly, social comparisons 

are thought to mitigate these issues by inducing search (Chen and Miller 2007, Greve 2003a, 

Greve and Gaba 2017). Our study points to a novel mechanism through which social 

comparisons may improve the efficacy of search processes - not by inducing but by 

suppressing search. If peer performance information is not available, decision makers tend to 

search for some time to determine what might constitute a satisfactory performance outcome. 

Imagine a situation in which a decision maker runs into the best alternative in his first try. 

Without any peer performance information (or information about the distribution of the other 

alternatives’ values), she has to continue searching other alternatives in order to establish the 

superiority of this first alternative. Now, imagine a situation in which peer performance 

information is available. If peer performance information is available, it is much easier to 

recognize her first choice as satisfactory and thus she can avoid the (opportunity) costs of 

further exploration. In more abstract terms, in searching among a set of alternatives, decision 

makers seek to acquire two different kinds of information: first, information about what may 

constitute a better alternative; second, information about the distribution of performance and 

what may constitute a satisfactory level of performance. Peer performance information is 

particular helpful in overcoming the second information problem.     

Lastly, we contribute to the organization design literature (Puranam et al. 2012, 

Nickerson and Zenger 2008). In recent years, new forms of organizations have emerged, in 

particular meta-organizations that are characterized by open boundaries (Gulati et al. 2012). 
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Likewise, organizations face pressure to become more open, granting employees greater 

participation and transparency for example though pay transparency (Gartenberg and Wulf 

2017). For employees, this new openness means both more opportunities to engage in social 

comparison (because outcomes of peers are now more available) and more decision 

alternatives to choose from (because employees are involved at a higher level of problem 

solving). Our study considers the co-existence of social comparison and a large number of 

decision alternatives. Our findings suggest that while social comparison may in theory be 

beneficial to decision makers, in open organizations with many decision alternatives, it may 

lead to excessive search for new solutions, thus ultimately hurting performance.  

The remainder of our study is structured as follows. We first review the theoretical 

building blocks of our core argument. We then discuss the design of our experiment, 

followed by the presentation of our results. We conclude by discussing the implications of 

our results for existing research. 

 

Literature Review 

Social comparison in organizations 

Social comparison is a ubiquitous phenomenon in social life (Festinger 1954). Social 

comparison is commonly understood as comparing own performance to the performance of a 

peer (Obloj and Zenger 2017). In organizations, employees often compare their performance 

to those of their fellow colleagues (Nickerson and Zenger 2008).2 Organizations may seek to 

encourage social comparison by making peer performance information available (Nickerson 

and Zenger 2008, Kacperczyk et al. 2015, Gartenberg and Wulf 2017). For example, within 

 
2 However, social comparison is not limited to outcome comparisons among individuals (Festinger, 1954: 
Nickerson and Zenger, 2008). Business units compare themselves to other business units (Baumann et al., 2018; 
Birkinshaw and Lingblad, 2005; Galunic and Eisenhardt, 1996) and organizations compare their performance 
against other organizations (Greve, 1998; Greve 2003b; Joseph and Gaba, 2015). 
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(and across) banks, there is often complete transparency how fellow fund managers and 

traders performed (Castellaneta et al. 2017, Kacperczyk et al. 2015, Uribe 2017); call center 

agents are made very well aware of their performance compared to their peers (Neckermann 

et al. 2009); in many firms such as GE, rankings and ratings become an important part of 

their culture (Short and Palmer 2003). Finally, many firms are adopted policies of pay 

transparency (with pay as a proxy for performance) (Gartenberg and Wulf 2017).  

While all these means provide more or less accurate information about how peers 

performed, they often provide far less information about how they achieved this performance, 

i.e., their peers’ behavior and actions.  This makes social comparison different from imitation 

and isomorphism, which requires observing not only peers’ performance but also their 

behavior (Mizruchi and Fein 1999).   

Performance Effects of Social Comparisons 

Organizations often encourage social comparisons, hoping that such comparisons improve 

performance (Lee and Puranam 2017, Nickerson and Zenger 2008). As a consequence of 

social comparison, lower performing employees will realize that they could improve their 

performance (Festinger 1954) and thus, start searching for new solutions (Jordan and Audia 

2012, Simon 1947). This follows the logic of problemistic search (Cyert and March 1963): 

Decision makers first engage in social comparison and take their peer’s performance as a 

performance target. They then observe the outcome of their current solution and evaluate it 

against this target. When they fall short of reaching the performance target, they search for 

new solutions to improve performance. Exceeding the target, on the other hand, leads to 

reduced search efforts as performance is deemed satisfactory and opportunity costs would 

arise from continued search (Levinthal and March 1993, March 1991). Since organizations 

are often thought to be inert, i.e., their members search too little (Audia et al. 2000, Rhee and 
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Kim 2014), social comparison is assumed to help overcome inertia by prompting individuals 

in organizations to search more.  

 While intuitively appealing, there are several empirical studies that point to negative 

performance implications of social comparison. Some empirical studies find that social 

comparisons (encouraged by pay transparency or tournaments) may have negative 

performance implications (Pfeffer and Langton 1993, Obloj and Zenger 2017). This finding 

is confirmed by both experimental (Gino and Pierce 2009, 2010, Dunn et al. 2012) and 

anecdotal evidence (Nickerson and Zenger 2008).  

 In sum, the mixed theoretical and empirical evidence on the implications of social 

comparisons suggests that the link between social comparison and performance may still be 

under-theorized and that important moderating effects may be neglected. Below, we discuss 

one important moderator variable – the number of decision alternatives a decision maker 

faces.  

The number of decision alternatives  

The number of alternatives is an important characteristic of any decision problem (Simon 

1955). Decision-makers face problems with varying numbers of decision alternatives (Payne 

1976). Some decision problems are characterized by few decision alternatives. Take, for 

example, the procurement decision of an airline. When it comes to the decision from whom 

to buy a new wide body airplane, there are often only two choices – either Airbus or Boeing. 

For other procurement decisions, there are many more decision alternatives. For example, for 

its choice of supplier for aircraft seats, an airline can choose from +100 different 

manufacturers. 

Organizations may further seek to manipulate the size of their employees’ choice set 

as one element of designing an organization’s “social architecture” (Nickerson and Zenger 

2004). For example, organizations may seek to increase their set of choices by engaging in 
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open innovation (Terwiesch and Yi 2008) and crowdsourcing (Dahlander et al. 2018).  

Organizational rules and practices, in contrast, often reduce the size of the choice set (Cohen 

1991). As a result, organizational structures “consider only limited decision alternatives” 

(Cyert and March 1963, p. 35).  

Recently, the number of decision alternatives a decision maker within an organization 

faces, has increased as a consequence of greater organizational openness (Alexy et al. 2017, 

West 2003). This is apparent in new forms of organizations like meta-organizations 

characterized by open boundaries (Gulati et al. 2012). In such organizations, openness means 

a greater involvement of employees at a higher level of problem solving in the organization 

(Mack and Szulanski 2017). An organization solves big problems with many alternative 

solutions by dividing problems into smaller sub-problems with fewer alternative solutions 

that can be solved at a lower hierarchy level (Nickerson and Zenger 2004). In more open 

organizations, where employees are involved in the problem-solving process at a higher 

level, this thus means that employees search through a greater numbers of decision 

alternatives. It is thus the same force that drives social comparison (because open 

organizations are inherently more transparent) that increases the number of decision 

alternatives.  

 

Method 

Experimental framing 

In our experiments, participants face a simple repeated (five periods) choice problem in 

which they face a set of five alternatives with different values.  These values were not 

known to the participants. Only by choosing a particular alternative, they could learn about 

its value: in each period, after they have chosen a particular alternative, its value is revealed. 

The value of the alternative was drawn at random from a set of five values. In the first 
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period, participants have to explore one alternative at random since they had no prior 

information on the value of any alternative ahead of the task. From period two to period five 

participants could either choose an alternative whose value is known to the participants 

because the explored it in a past period or explore an alternative of unknown value. 

Feedback on the values was given without delay or any deception, i.e., the value revealed 

corresponds to the alternative’s true value. 3 We framed the experiment as a managerial 

choice task in which the participants (in the role of the manager) have to maximize their 

payoffs in US dollars ($). 

Treatment 1 (“Peer Performance Information”). First, to allow for social comparison, we 

provided them with information about how a peer performed in the very same task 

(“Treatment 1: Peer Performance Information”): “A consulting study concludes that, with 

the right strategy, your company’s profits could be as high as $121 million a year”. We 

deliberately chose to frame it not as peer performance information (“Your best performing 

competitor generated profits of $121 million in his best year”) for several reasons. Our pre-

tests indicated that participants often continued searching for even better alternatives even 

after they had discovered what we told them to be the highest value achievable in this task 

(here, $121 million). Likely reasons for this type of behavior are first, that participants 

assumed that their peer’s performance was a function of both their choices and effort, i.e. 

they would have continued searching because they thought they can do even better than their 

peer. And secondly, participants may have assumed that if several people simultaneously 

chose the very same alternative, its value or payoff will have to be split between them. To 

 
3 In each period (after the first period), participants had to decide whether to explore a new alternative of unknown value 
or exploit an alternative of known value. To avoid confounding effects of, for example, memory constraints, we 
narrowed down the actual choices participants had to make between choosing “exploiting the best alternative explored 
so far” and “exploring an alternative never explored so far”. With such a setup, we avoid, that participants exploit 
inefficiently (i.e. they do not exploit the best-explored alternative) or re-explore alternatives that they had already 
explored in the past. In pre-tests of this experiment, we also tested a setup in which the choice was between 5 
alternatives in each period, i.e. 5 alternatives were shown in a line and one of them would have to be picked. This led to 
more random choices of the participants, but had no effect on our findings. 
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avoid these confounding effects and isolate the informational effect of peer performance 

information, we presented the treatment information in a neutral way that would not invoke 

any feelings of rivalry (Kilduff et al. 2010). 

Treatment 2 (“Large Choice Set”).   

In this treatment group, participants faced a much larger choice set, i.e., 100 rather than just 

five alternatives. We adapted the instructions accordingly (“`You will have to […] choose 

among 100 different strategies”). This information was reinforced in every period while 

participants were informed that “You have 100 [99,98,97,96] alternatives left to explore”. 

Every time a new alternative was searched, its payoff was drawn at random from a set of 

100 alternatives. Since our participants always only have five periods to search within their 

choice set; they could never search exhaustively. Thus, in our experiment, we only indicate 

that they face a larger choice set without changing the experimental task they face. 

Treatment 3 (“Peer Performance Information & Large Choice Set”).  

Finally, our last treatment combines treatment one and two. Participants had access to peer 

performance information and their choice set was large. This means, participants were 

shown the peer performance information (“A consulting study concludes that, with the right 

strategy, your company’s profits could be as high as $121 million a year”) as well as 

informed that they face a choice set of 100 alternatives (“You will have to […] choose 

among 100 different strategies”).  

 The study was conducted in a between-subject design. This means each participant 

was randomly assigned to one of the 4 conditions: control, peer performance information, 

large choice set, peer performance information and large choice set. In Table 2-1, we show 

an overview of all four conditions.  
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Table 1. Overview of treatment conditions 
  Size of Choice Set 
  Small Large 

Peer Performance 
Information 

Absent Control Treatment 2 
Available Treatment 1 Treatment 3 

Table 2-1: Treatment conditions chapter 2 

 
Experimental setup 

Incentives. We relied on the induced-value approach (Smith 1976), i.e., we provided 

monetary incentives to the participants such that better choices translated into higher payoffs 

to participants. In keeping with the tradition of economic experiments, all information 

provided to the participants was truthful (Ortmann and Hertwig 2002). Before starting the 

experiment, participants were told that the experiment would take them around 5 minutes to 

complete and that their payment will be based on the payoffs they accumulate in this task. 

Each choice was associated with a particular payoff (e.g. “Period 1:  The chosen alternative 

generated $55m”). We chose payoffs in this experimental currency to provide higher 

incentives to participants. In particular, prior studies have found that participants consider 

the nominal (the value given in experimental currency) rather than the real payoff value 

(Davis and Holt 1993) and thus, behave more like they would in a real organizational 

setting. After each choice, the choice’s payoff was revealed. We also always showed them 

the profits they had accumulated so far.  

We also informed our participants that upon completion, there would be a certain 

payment of $0.10 and up to $0.20 depending on their performance in the task, i.e. the 

cumulative profits associated with their choices. One might be tempted to conclude that such 

low stakes may result in some confounding effects such as excessive risk taking (Lefebvre et 

al. 2010, Weber and Chapman (2005), search, or lack of effort (Smith and Walker 1993). 

We do no observe such confounding effects in our experiments: First, if risk taking was 

higher due to small stakes, we would expect to see all treatment conditions affected equally. 
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Furthermore, we would expect to see very high levels of search across all treatments. We do 

not observe such effects – there are no differences in search between control and treatments 

and we also do not observe excessive search behavior. Also, prior research does not indicate 

a significant change in behavior if stakes are higher (Camerer and Hogarth 1999, Post et al. 

2008). For instance, even if stakes are very high, participants commit decision errors to a 

similar extent as in low stake contexts (Post et al. 2008). Fourth, low payments are often 

thought to result in lower effort. In our context, however, effort does not matter. It is a pure 

choice task and all aspects that require some effort are designed in the way to minimize 

cognitive efforts by participants. For example, we always provide participants with a 

complete history of their past choices and their payoffs; we also always highlight the best 

alternative they have identified so far and make sure that inefficient exploitation is 

impossible. Generally, we would expect to see extremely monotone behavior, i.e., many 

participants only exploring or only exploiting throughout the task if they would generally 

exhibit a lack of effort. We find no such effect. Further, we included a manipulation check 

to control for a lack of (cognitive) effort. After participants finished the task, we asked them 

to report back the treatment information. Our findings are robust to the exclusion of those 

participants that did not accurately recall the peer performance information. In any case, the 

treatments effects found including those that did not accurately recall the peer performance 

information, provide a more conservative estimate of the effect.4  

Respondents. Participants were recruited on Amazon MTurk. All treatments included, 

857 subjects completed the experiment. 61.8 percent of the participants were women, the 

average age was 37 years and 27.8 percent claimed to hold a managerial or supervisory 

position at their workplace. Participation was restricted to the United States to avoid 

language difficulties. On average (median duration), participants completed the 

 
4 Around 50% of participants accurately recalled the peer performance information. 
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experiment in 4 minutes and 38 seconds and spent 10 seconds on each of the four 

individual choices. Those who did not spend any time on the instruction pages or failed 

our attention check were excluded from the sample. All participants were randomly 

assigned to one of the 4 treatment groups (control, peer performance; each for a small and 

large choice set). 

 

Analysis and Results 

The performance implications of social comparison   

In our first experiment, we are interested in how the availability of peer performance 

information may affect our participants search behavior and, in turn, performance. In 

Figure 2-1, we report the average accumulated (over all five periods) payoffs of our 

control and treatment groups.  

 

Figure 2-1: Performance effect of social comparisons 

 
  If the choice set is small, the availability of peer performance information has a 

significantly positive performance effect (MD=0.62, p=0.000). In terms of the effect size, 

this meant that participants earned a 9.16 percent higher payoff in the treatment condition 
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compared with control. If, however, the choice set is large, we observe the opposite 

effect, i.e., peer performance becomes costly (MD=-0.40, p=0.010). If peer performance 

information was available, participants earned a 5.12 percent lower payoff in the 

treatment condition when compared with the control condition. In other words, depending 

on the size of the choice set, peer performance information may have a positive or 

negative performance effect. It is important to note that these differential effects are not 

driven by differences in order in which alternatives where searched. The order in which 

participants could search alternatives is random and each order is equally likely.  

 In search problems, underperformance is often attributed to insufficient levels of 

exploration (Baum and Dahlin 2007, March 1991) and social comparisons are considered 

a remedy, i.e., they induce search (Cyert and March 1963, Greve 1998). Thus, we would 

expect that the positive performance effects of peer performance information for small 

choice sets are driven by higher levels of exploration while the negative effects for larger 

choice sets may be driven lower levels of exploration. In Figure 2-2, we compare the 

effect of peer performance information on how many alternatives participants explored in 

small and large choice sets.  

 
Note. Search scope is measured by periods of exploration.  
 

Figure 2-2: Social comparison effects on search behavior 
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With both small and large choice sets, peer performance information induces search: When 

facing a small choice set, the availability of peer performance information increases search 

by 3.7% but this increase is not significant (MD = 0.10, p = 0.302). For large choice sets, the 

increase (by 5.8%) becomes pronounced and more significant (MD = 0.18, p = 0.118). Thus, 

inducing search through social comparison cannot explain both the positive and negative 

performance effects of peer performance information.  

 It is sometimes overlooked that peer performance information may not only induce 

search but may also suppress further search. Imagine that, by chance, a participant discovers 

the best alternative with her first choice. Without peer performance information (and thus, 

without knowing that it is already the best alternative), the optimal behavior is to continue 

searching. With peer performance information, however, the participant knows that her 

current choice is already the best alternative and there is no point in searching for better 

alternatives. She can abort her search. 

Using peer performance information to abort search once the best solution is found is 

always performance enhancing. Yet, in larger choice sets, it is much less likely that any 

benefits from aborting search can be reaped because it is much less likely that the best 

alternative is encountered within the first 1-2 periods. With a smaller choice set, in contrast, 

the probability is high that within the first 1-2 periods, the best alternative is encountered and 

search can be aborted.  

In Figure 2-3, we seek to provide some evidence for the different ways (induce or 

suppress) peer performance information affects our participants search behavior. Specifically, 

we disentangle the average search scope and report the share of participants exploring 1, 2, 3, 

4, or 5 alternatives. In the left panel, we show the results for small choice set; in the right 

panel, we show the results for large choice sets.  
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Note. The measure is the share of participants stopping exploration after trying out X alternatives in 
percent.   

Figure 2-3: Level of exploration for 5 alternatives (left panel) and 100 alternatives (right 
panel) 

 
With small choice sets, peer performance information both suppresses and induces 

search: the share of participants aborting search after the first period (presumably because – 

by chance (20%) – they run into the best alternative in in t=1) increases from 8.9% to 13.7%. 

At the same time, the share of participants continue searching (presumably because they did 

not run into the best alternative until period 5) for all 5 periods increases form 4.3% to 7.8% 

(see Figure 2-4). 
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Figure 2-4: Share of participants never searching (left panel) never stopping to search 
(right panel) 

 
With larger choice sets, the probability of running into the best alternative in the first two 

periods is much smaller (only 2% compared with 40% in small choice sets). As a result, peer 

performance information does not help much to suppress exploration. In fact, the share of 

participants aborting search after the first period decreases from 9.6% without peer 

performance information to 7.2% with peer performance information. At the same time, the 

share of participants never aborting search still increases with the availability of peer 

performance information (from 13.2% to 14.9%). Instead, there is a shift towards exploring 

more alternatives, even to the extent that it becomes very costly (search scope=5) (as can be 

seen in Figure 2-4).  
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Figure 2-5: Share of participants searching beyond the best decision alternative 

 
Inefficient search behavior and peer performance information  

In our analyses above, we focused on the question of how our treatments affect how many 

alternatives (or their search scope) our participants search. These treatments, however, may 

also affect when participants search. This, in turn, may affect their performance in our task. In 

our experiments, the optimal search behavior is to first explore different alternatives (for 2-3 

periods) and then switch to exploitation (i.e., play the best alternative found in the exploration 

phase). Our participants deviate from this optimal search behavior in two ways: First, in a 

behavior we call oscillation, they switch repeatedly between exploration and exploitation. For 

example, they may first explore two periods, then exploit one period, only to explore for the 

remaining two periods. Such a search behavior is suboptimal and costly, even compared to 

participants who search the same number of alternatives: a participant who explores for the 

first four periods can then exploit a much better alternative in the last period. Second, in what 

we call delayed exploration, participants may get the order wrong, i.e., they start with 

exploitation and then switch to exploration. Again, this is costly compared to the optimal 

search behavior because superior alternatives found later in the task cannot be exploited for 
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as long as would have been possible had they been found early in the task. Take, for example, 

a taxi driver. She may begin her tenure by randomly choosing an area in which she believes 

many potential customers are located and then service this area before finally, towards the 

end of her tenure, exploring other areas. This is clearly inferior to a strategy in which she tries 

out different areas at the beginning of her tenure before settling to service the area that turned 

out to have the most customers.  

In Table 2-2, we report the frequency and performance implications of these two 

types of deviations from optimal search behavior.  

 
  Search Error 
  Delayed 

Exploration 
Oscillation 

Control Share 
Performance  

67.9% 
~ 

56.8% 
~ 

Peer Performance Information Share 
Performance 

46.6% 
- 

39.3% 
- 

Large Choice Set Share 
Performance 

63.9% 
+ 

47.7% 
+ 

Peer Performance Information & 
Large Choice Set 

Share 
Performance 

53.6% 
+ 

46.4% 
+ 

 
Note. Search late indicates that participants first exploit a known alternative before searching for new ones. 
Alternate between Search/Exploit indicates that participants switch more than once between exploiting a known 
alternative and searching for new ones.  

Table 2-2: Performance implications of search errors and percentage of participants 
committing them 

 
A large share of participants switched repeatedly (rather than just once) between exploration 

and exploitation. In the control condition, 56.8% of participants exhibited this oscillation 

behavior.  One participant remarked "I made my decision based on what I would do in this 

actual event. I would play it safe then go for a goal. Once that is met I would then use that 

method again. Rather than playing it safe the entire time or just going all out. There needs to 

be an even ground somewhere."  This would suggest that participants preferred to oscillate 

between exploration and exploitation out of a desire to pursue a performance goal while at 
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the same time minimizing risk.  When peer performance information was available, the share 

of participants following an oscillation approach dropped to 39.3%. Interestingly, with larger 

choice sets, we do not observe such a drop if peer performance information is available 

(47.7% versus 46.4%). This makes sense in light of the statement above – there is no need to 

risk moving away from the fallback option for further exploration once the best option has 

already been identified, which is more likely to happen with peer performance information on 

small choice sets.  

In the experiment, we observe, that many participants engage in delayed exploration, 

i.e. they only start searching after first exploiting. In the control condition 67.9% of 

participants fell back on known alternatives before searching for new alternatives again. 

When endowed with peer performance information, this proportion fell to 46.6%. Likewise, 

on large choice sets, 63.9% of participants exploited known alternatives before searching. 

When peer performance information was available, only 53.6% of participants searching on 

large choice sets showed this behavior. The universal drop in delayed exploration when peer 

performance information is available may be explained by the naïve assumption of some 

participants that whatever alternative they first come across is sufficiently good. For example, 

one participant remarked: "Take the easy way or try something new. But, hey if the company 

already pulls in 76 million in profit why change." When, however, peer performance 

information was available, participants seemed to question their initial assumption about the 

quality of the first alternative and start the task by exploring. Thus, overall, our results 

suggest that peer performance information helps to reduce decision errors for both small and 

large choice sets.  

Robustness Checks 

As the sequence of alternative was random in the experiments, a critic may argue that some 

of the performance effects are due to chance. We therefore run the peer performance 
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treatment again for the case of large choice sets, but this time use a fixed sequence of 

alternatives. This new round of experiments featured 415 participants across the US, 47 

percent of which were women. We again find a significant performance difference between 

control and peer performance treatment (MD = -0.05; p = 0.030). We also find that these 

differences were borne by differences in search behavior and that those in the peer 

performance treatment often over-explored (see also Figure 2-6).  

 

Note. The numbers on the X-axis reflect the stopping point, i.e. the number of alternatives explored.  
 

Figure 2-6: Level of exploration with a fixed sequence of alternatives 

 
Secondly, to address criticisms about the sample on the Mechanical Turk platform, we 

collected information on the participants’ demographic characteristics. We then split the 

sample population by age (above or below 30 years of age), level of education (college 

educated versus not college educated) and income (an hourly salary of more versus less than 

$20). Our results are robust to these different demographic groups. They also hold when we 

divide the sample of participants into those holding a managerial position versus those that do 

not (a detailed report is provided in the Appendix 2 C). 
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 Critics may also argue that over-exploration is not driven by the prospect of finding 

the best alternative but rather by handling downward risk: Assuming a uniform distribution, it 

is more likely to receive a lower payoff in the next draw when choice sets are large. To avoid 

ending up with a payoff lower than the initial one, participants may just explore more. If that 

were the case, however, the number of searched alternatives below the initial draw would be 

higher in the treatment conditions with large choice sets. However, we find no difference in 

the number of draws with a lower value than the initial draw between conditions with large 

choice sets and small choice sets (MD = - 0.013, p = 0.86).  

 Our main effect also holds true if we use an ANOVA to conduct the analysis. We 

report the results in Figure 2-7. In particular, the analysis confirms that there is a significant 

effect of peer performance information on large choice sets on performance (p = 0.000).  

 

 

Figure 2-7: ANOVA of performance differences across the four conditions 

 

Discussion 

In our study, we investigated the performance implications of social comparisons in a simple 

search task. Practitioners and management scholars frequently assume that social comparison 



 32 
 

improves search efficacy (and as a consequence, performance). However, this assumption has 

remained untested empirically. In an effort to fill this gap, we ran an experiment and found 

that while social comparison may improve performance when there are few decision 

alternatives, it may turn into a liability when there is a large number of decision alternatives. 

It is then that social comparison may lead to over-exploration and consequently, cause a 

performance penalty.  

Contributions 

Common assumptions in the extant literature are that (1) decision-makers generally search 

too little and (2) upward social comparison induces search. Thus, social comparison may 

increase performance by increasing search and overcoming inertia (Audia et al. 2000, Greve 

1998, 2003a, Greve and Gaba 2017). However, this argument does not account for the 

reported negative performance effects of social comparison (Nickerson and Zenger 2008, 

Obloj and Zenger 2017). We extend the search-based line of reasoning by setting forth 

conditions under which upward social comparison may have negative performance 

consequences by altering search behavior. Concretely, we offer a model of search and 

learning which produces positive or negative performance effects depending on the number 

of decision alternatives. We contend that social comparison informs the decision-maker on 

how to improve the efficacy of search but may also lead to costly over-exploration when 

many decision alternatives are available (Baumann and Siggelkow 2013, Billinger et al. 

2014, Clement and Puranam 2017).  

Previous research has focused on either positive (Blanes i Vidal and Nossol 2011, 

Stark and Hyll 2011) or negative performance effects (Colella et al. 2007, Dunn et al. 2012, 

Gino and Pierce 2009, 2010, Nickerson and Zenger 2008, Obloj and Zenger 2017, Pfeffer 

and Langton 1993, Van de Ven 2017, Zenger 2016). In framing these conflicting findings, 

scholars have used distinct theories to explain such effects. Positive effects have often been 
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explained by economic theories of incentives while negative effects have been explained by 

theories rooted in the psychology literature such as theories of envy (Nickerson and Zenger 

2008).  

Our search model reconciles the conflicting finding in one theory. In so doing, we 

show that beyond traits and competitive dynamics, performance effects of social comparison 

can be thought of as properties of individual search and learning. We thus expand the scope 

of the theory of search and learning (Denrell and March 2001). What is more, we identify 

boundary conditions and key contingency factors of a search-based theory of social 

comparisons. We show that the key contingency of the benefits of social comparison is the 

size of the choice set, i.e. the number of decision alternatives. When upward social 

comparison is taken as information on a global optimum, it may prevent costly over-

exploration once decision-makers find an already optimal solution (Levinthal 1997). Here, 

social comparison may regulate search efforts. At the same time, social comparison may 

mislead search efforts such that facing many decision alternatives can in fact cause over-

exploration rather than regulation of search. Lastly, our findings add to social aspiration 

(Cyert and March 1963, Greve 1998 Greve 2003b, March 1994) and stretch goal theory 

(Hamel and Prahalad 1993, Latham 2004, Kerr and Landauer 2004, Sitkin et al. 2011) which 

are in part derived from social comparison theory. A common notion of social aspirations is 

that they are beneficial because they induce change (Audia et al. 2000, Lant 1992, Miller and 

Chen 1994), exploration (Baum and Dahlin 2007), and risk taking (Bromiley 1991). 

Observing better performing others leads to reevaluating current choices and thus triggers 

(problemistic) search (Cyert and March 1963). The challenge in this predominant view is to 

fight over-exploitation.  

Since March (1991) introduced the exploration-exploitation dilemma into the 

organizational learning literature, scholars have focused on the cost of too little exploration 
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(Audia et al. 2000, Rhee and Kim 2014). This has been attributed to environmental factors 

such as delays in feedback (Repenning and Sterman 2002) as well as to individual factors 

such as overconfidence (Audia et al. 2000). We show that there can also be a problem of 

over-exploration. In particular, we observe that decision-makers search too much in the 

absence of social comparison. When social comparison is then possible, participants often 

search less than they otherwise would. Thus, our results indicate that social comparison often 

decreases rather than increases the level of search. This is so because information on one’s 

relative standing to a top performer enables decision-makers to put their own performance in 

perspective. This way, next to learning about the performance of an alternative their peer is 

pursuing, decision-makers learn about the performance of their currently pursued alternative. 

In this way, social comparison is not a trigger but a substitute of search. This is particularly 

true for the case of few decision alternatives when a decision-maker has a high probability of 

coming across an alternative that is as good as their peer’s. This finding adds an important 

contingency factor to Greve’s (2003b) model of search. The direction of the effect of an 

attainment discrepancy on the level of search may be true for large choice sets but it does not 

hold for small choice sets. This contingency may explain why occasionally very hierarchical 

organizations manage innovation more successfully than organizations with flatter 

hierarchies (think Amazon): The hierarchy may be an attempt to limit the number of decision 

alternatives available to decision-makers thus regulating search within the organization. 

Our findings also add to the organization design literature (Joseph and Ocasio 2012, 

Nickerson and Zenger 2008). Managers promote or demote social comparison as one pillar of 

the social architecture of an organization (Nickerson and Zenger 2008, Zenger 1992). Tools 

to encourage social comparison are pay transparency (Gartenberg and Wulf 2017), rankings 

and ratings (Greve and Gaba 2017), or internal benchmarking (Gaba and Joseph 2013). Tools 

to suppress social comparison include putting restrictions on information sharing and placing 
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offices farther apart (Kulik and Ambrose 1992, Nickerson and Zenger 2008). We point to the 

number of decision alternatives as a contingency factor of when social comparison should be 

promoted or discouraged. This applies in a particular way to managing innovation: While 

systems of open innovations do not present the decision maker with pre-structured problems, 

systems of closed innovation pre-structure the problem at the organizational level before 

passing parts of the problem on to employees in the organization (Felin and Zenger 2014). As 

a consequence, decision makers in systems of closed innovation face fewer decision 

alternatives than decision makers in systems of open innovation. In this paper, we suggest 

that in particular systems of open innovation may be harmed by encouraging social 

comparison, while systems of closed innovation may be benefitting from more social 

comparison.  

Lastly, we contribute to the behavioral strategy literature by introducing a new 

contingency variable: the number of decision alternatives (i.e. the size of the choice set). The 

number of decision alternatives is a central dimension to task complexity (March and Simon 

1958, Payne 1976, Simon 1962). Decision-makers often face problems of different degrees of 

complexity and by extension, varying numbers of decision alternatives. For instance, 

hierarchies filter information and suggest limited courses of action, thereby reducing the 

number of alternatives (Nickerson and Zenger 2004). Likewise, at the organizational level, 

the number of decision alternatives depends on the market structure in markets for sales and 

supply. For example, decision-makers may sometimes only have few suppliers available to 

choose from (think airlines buying either Airbus or Boeing planes) and other times have the 

choice between many alternative suppliers (think airlines choosing a company to supply the 

plane seats). The size of the choice set has in the past also been identified as an important 

decision-making factor in consumer choice (Iyengar and Lepper 2000, Schwartz 2004, Shin 

and Ariely 2004) in what has been dubbed the “paradox of choice” (Schwartz 2004). The 
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paradox of choice is that while more options should theoretically lead to better decision-

making outcomes, it in fact often leads to worse outcomes. It should lead to better outcomes 

because, as rational choice theory predicts, more options imply a greater chance of optimally 

matching an alternative with one’s preferences (Arrow 1963, Rieskamp et al. 2006). At odds 

with this prediction, studies of consumer choice find negative outcome effects of increased 

choice (Iyengar and Lepper 2000, Schwartz 2004). This is partly because consumers are 

deterred from making a decision at all because they anticipate regret over what is likely not 

an optimal choice (Iyengar and Lepper 2000, Schwartz 2004). Alternatively, scholars believe 

that consumers do not even consider a larger number of decision alternatives because their 

evaluation may be too costly (Hauser and Wernerfelt 1990) or not cognitively possible 

(Malhotra 1982, O’Reilly 1980, Reutskaja and Hogarth 2009).  

We point to a different hazard of large choice sets that stems from making worse 

choices rather than not choosing: Larger choice sets may prompt greater levels of search, 

while the optimal level of search is first and foremost determined by the time horizon and 

less by the size of the choice set. To be clear, we loan the concept of the number of decision 

alternatives from consumer choice to introduce it to strategic decision-making. However, 

while the consumer choice literature examine whether or not consumers choose to begin 

with, we examine search efficacy, which is more relevant for decision-makers who must 

choose between engaging in exploitation vs exploration, e.g. deciding on R&D projects 

(Mudambi and Swift 2014), managing alliances (Yang et al. 2014) or coordinating the 

internal organization of the firm (Stettner and Lavie 2014). 

Giving greater importance to the number of decision alternatives challenges our view 

on how upward social comparison affects adaptation (Levinthal 1997, Rivkin 2000). A 

common assumption is that knowing what is possible provides decision-makers with an 

incentive to persist in the face of adversarial situations (Nelson and Winter 1982). Consistent 
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with the view of “routines as targets”, social comparison with a successful competitor might 

trigger innovation and global search, even when it is impossible to imitate the competitor’s 

routines (Nelson and Winter 1982, p. 112). Meanwhile, information on a global optimum 

may prevent over-exploration once decision-makers find an already optimal solution 

(Levinthal 1997). Hence, social comparison may regulate search efforts. At the same time, 

attempting to imitate similar others may trigger exploration even after a global optimum has 

been found (Czasar and Siggelkow 2010). Our findings point to another downside of social 

comparison: social comparison may mislead search efforts. We show that the benefits of 

upward social comparison depend on the size of the choice set and that facing many decision 

alternatives can in fact cause over-exploration rather than regulation of search.  

Limitations 

Critics of our experimental approach will argue that our findings might not hold in actual 

organizational contexts. While we believe that there is some external validity to our findings, 

the approach is certainly more geared towards establishing the mechanisms through which 

social comparisons hurt or benefit performance. However, our setting has been proven to be a 

valid abstraction of many real organizational decision-making scenarios (Aggarwal et al. 

2011, Cappelli and Hamori 2013, Puranam and Swamy 2016). Particularly because our 

setting is abstract enough to capture central features of a multitude of organizational settings, 

it is likely to yield externally valid results (Cook et al. 2002).  

While the decision scenario in our experimental task is a simplified version of reality, 

the way in which managers perceive the decisions they face can be depicted in a dramatically 

simplified mental model as well (Gavetti and Levinthal 2000, Halford, et al. 1994, Kelley 

1973). In reality, there may also be situations where search is a coordinated team effort rather 

than conducted by an individual (Knudsen and Srikanth 2014). Teams in which decisions are 

based on such coordination tend to exhibit lower levels of search (Davis and Eisenhardt 
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2011) and as a consequence, the problem of over-exploration through social comparison may 

be less pronounced. This is because information sharing and coordination are costly and so 

teams are more likely to settle on strategies with more predictable outcomes, i.e. exploitation 

rather than exploration (Lavie et al. 2010). The present research would suggest that social 

comparison may be capable of breaking up patterns of over-exploitation in leadership teams, 

but more empirical research is needed to scrutinize the role of social comparisons in 

coordinated search.  

We also do not claim to present a task that is a valid abstraction for all search tasks in 

real organizational life. Our experiment does not feature intercorrelated payoffs between 

alternatives; a situation that can be found for instance when a new region is explored as a 

sales market and neighboring regions’ profitabilities are highly correlated. For these cases, a 

landscape model would be the better abstraction (e.g. Billinger et al. 2014, Levinthal 1997). 

Likewise, we do not model situations where payoffs are dynamically changing over time, 

which could be better accounted for with a restless bandit model (Loch and Kavadias 2002). 

What is more, we deliberately excluded an effort component from our experimental 

task to focus on the choice problem. However, increased effort might partially offset the 

negative effect we found of social comparison with a highly successful peer when facing 

many decision alternatives. Increased effort might make decision-makers find solutions faster 

and thus partly balance the decreased probabilities of success.  

Lastly, we cannot fully explain why decision-makers over-explore when there are 

many decision alternatives. The finding is, however, consistent with prior experimental 

studies (Billinger et al. 2014, MacLeod and Pingle 2005). One reasonable explanation for that 

behavior is that decision-makers are insensitive to changes in probabilities and more focused 

on the amount of outcomes (March and Shapira 1987).  
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Conclusion 

Upward social comparison is often encouraged in organizational contexts to increase 

managers’ effort in a given task. It may also yield valuable information in search tasks that 

allow managers to balance exploration and exploitation efficiently. However, this study 

suggests that it may constitute a previously understudied liability in organizational learning 

by causing over-exploration when faced with an abundance of decision alternatives.   
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3. LEARNING FROM OMISSION ERRORS 
 
Introduction 

Adaptive learning is the core of the behavioral theory of the firm (Cyert and March 1963, 

March and Olsen 1976). Decision makers choose a solution to a specific problem, and then 

use performance feedback on that solution to affect the search for future solutions: if the 

performance feedback is positive, they are expected to choose the successful solution again; 

if the performance feedback is negative, they are expected to avoid the solution in the future 

(Glynn et al. 1991). While decision makers have been found to learn from their successful 

choices, it is much less clear that they learn from their errors (Bennett and Snyder 2017, Kc 

et al. 2013, Haunschild and Sullivan 2002). Behavioral changes spurred by errors in 

previous choices can lead to improved performance in some circumstances, but not in others 

(Eggers and Suh 2019) suggesting that learning from mistakes is not a simple process. 

One complication in learning from errors is that judgment errors take two different 

forms - errors of commission, where the decision maker does something that produces a 

negative result, and errors of omission, where the decision maker declines to follow an 

action that would have improved performance (Green and Swets 1966, Sah and Stiglitz 

1986). Commission errors lead to specific penalties for behavior, while omission errors lead 

to foregone rewards. For example, a manager of an automaker may decide to launch a car 

that turns out to sell poorly or she may decide against the launch of a car that would have 

been a success with customers. Such errors in decision-making occur regularly, making 

learning from prior errors feasible and necessary (Csaszar 2012). While inferring the correct 

action to take in response to an error is always a challenge, the opportunity to learn from 

commission errors is always present – experiential learning processes provide feedback that 

directly affect future choices (Eggers 2012, Maslach 2016). Learning from omission errors, 

meanwhile, is more complex and challenging. The primary difficulty is that information on 
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errors of omission is not always available to decision makers. In most situations where 

information on errors is available, it comes from observing competitor choices on identical 

or similar projects (Maslach et al. 2018). Venture capital firms and record labels may be 

able to see the success of opportunities that they rejected, and pharmaceutical companies 

may be able to observe valuable drugs from competitors that represent paths they chose not 

to pursue. This suggests that observation of competitors may allow decision makers to learn 

from their omission errors. 

A core challenge, however, is that attending to competitors affects not just the ability 

to learn from omission errors, but also affects social comparison processes that produce 

additional changes in behavior and challenges to learning that complicate the ability to learn 

and adapt to feedback (Kacperczyk et al. 2015). In this study, we seek to separate the effect 

of information on omission errors from the competitive effect of observing competitors 

through the use of an experiment (Di Stefano and Gutierrez 2019). This allows us to assess 

whether individuals learn from their commission and omission errors, as well as how 

learning differs across sources of performance feedback. We focus on a simple product 

approval task where participants repeatedly decide whether to accept or reject a product for 

development. Features of a product are repeated in multiple products over time, such that 

learning from rejecting a profitable product (omission error) or accepting an unprofitable 

product (commission error) is feasible. We manipulate what type of feedback participants 

receive: (a) just their own (historical) performance without information on their hypothetical 

performance in the case of product rejections, which should allow for learning from 

commissions but not omissions, (b) adding information on the hypothetical performance of 

product rejections, and (c) disclosing information about the value of omission errors through 

the behavior of a competitor. We theorize that the presence of a competitor introduces a 
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reference point which alters learning depending on whether the decision maker is 

performing above or below the competitor.  

Our results demonstrate multiple aspects of the complexity of learning from 

omission errors. As expected, we find no evidence of learning from omissions without 

information on the value of rejected products. While the inclusion of this information 

facilitates learning from omissions, we find that such learning tends to crowd out learning 

from commission errors – there are limits on how much information participants can 

process. When feedback on omissions is provided through information about hypothetical 

competitors, we find that learning effects diminish in general. While information overload 

appears to be partly responsible for this diminishment, the results intriguingly show that the 

lack of learning from omission errors through competitive performance stems from the 

introduction of an aspiration level. Specifically, participants focus on learning from their 

commission errors when trailing the competitor, while their focus shifts to using their 

competitor’s experiences to learning from their omission errors when they are ahead of the 

competitor. These findings suggest that learning by observing competitors can be an 

effective way to improve the opportunity to learn from omission errors, but that the social 

comparison effects of such information clouds the ability to efficiently use all available data 

to learn from mistakes. 

 Our findings contribute to a stream of literature examining learning from failure 

(Eggers 2012, Maslach 2016). Prior research has begun to outline conditions under which 

learning from failure may be impaired (Audia and Greve 2006, Eggers and Suh 2019, Gaba 

and Joseph 2013, Maslach 2016). For example, Eggers and Suh (2019) find that learning 

from decision errors is possible when decision makers have the capability to determine 

which part of the decision caused it. We suggest that learning may even be impaired under 

situations of simple decision tasks and with a single source of performance feedback 
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(Haunschild and Beckman 1998) and that this is due to dynamics of social comparison. 

Specifically, the presence of a competitor induces a reference point above which learning 

differs from being below that reference point. While the presence of a competitor has been 

previously found to impact learning behavior (e.g. Baum and Dahlin 2007), we point to their 

differential effects on omission versus commission errors.  

 In addition, we contribute to social aspiration research (Cyert and March 1963, 

Greve 1998, Joseph and Gaba 2015) by extending our understanding of the behavioral 

consequences of social aspirations. Such aspirations may aid self-assessment (Audia et al. 

2015), induce search for new solutions (Greve 1998, Baum et al. 2005), and increase effort 

and productivity (Blanes i Vidal and Nossol 2011). We point to another behavioral 

consequence – learning from omission errors may be suppressed, i.e. choosing a 

performance target to strive for based on competitor performance may lead decision makers 

to discard useful competitor information that would otherwise allow them to learn from their 

omissions. This may be particularly relevant when omission errors are costly, i.e. firms 

cannot miss too many opportunities to stay competitive (Csaszar 2012). Thus, ironically, 

focusing on a better performing competitor with the explicit goal of closing the performance 

gap to that competitor may lead to more omission errors and thus cement the position behind 

the leading competitor.    

 Lastly, we build on the literature of competition between individuals. Prior studies 

have found an effect of rivalry (Kilduff et al. 2010) as well as co-acting in a similar task on 

performance (Flynn and Amanatullah 2012). While prior work established performance 

effect, the mechanism remains unclear. Specifically, Flynn and Amanatullah (2012, p.412) 

have speculated that effects are “the result of learning rather than motivation”. Our study 

confirms an effect of observing someone else’s performance in the same task on learning. 

Specifically, our results suggest that co-acting in a similar task can inhibit either learning 
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from commission or learning from commission errors depending on whether the focal actor 

is trailing or leading in task performance.  

 

Theory and Hypotheses 

The ability to learn from mistakes and make improvements in behavior that improve future 

performance is a central aspect of both individual and organizational learning. From a 

behavioral perspective, learning typically emerges from a simple process of decision and 

feedback – a decision maker chooses a solution and then observes the performance feedback 

she receives from this choice (Cyert and March 1963). If the feedback is positive, she 

chooses this solution again in the future, if the feedback is negative, she will not choose this 

solution again (Glynn et al. 1991). Specifically, a solution that looks similar to a solution 

that worked in the past, will likely be implemented while a solution that looks similar to a 

solution that did not work in the past, will likely not be implemented again. This suggests 

that successes will lead to repetition, while failures will lead to changed behavior 

(Kacperczyk et al. 2015). 

A central aspect of this simple learning dynamic is feedback, as it is feedback on 

performance that enables learning and adaptation (Greve 2003). The importance of feedback 

creates complications for learning from errors, as different types of errors produce different 

types of feedback (Sah and Stiglitz 1986, Klingebiel 2018). Errors of commission – 

engaging in behavior that produces undesirable results – typically produces clear feedback 

that can enable learning. Numerous studies have focused on learning from commission 

errors at the individual and organizational level, studying learning from unsuccessful new 

products launched by the firm (Eggers and Suh 2019), from accidents (Baum and Dahlin 

2007, Madsen and Desai 2010), and failed R&D experimentation (Khanna et al. 2016). The 

overall finding is that learning from commission errors can take place (and exceed learning 
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from successes) to the extent that decision makers can adequately interpret the feedback in 

terms of which aspect(s) of the initial decision produced negative feedback. Learning is 

further dependent on number, timing, and importance of failures (Khanna et al. 2016).  

By contrast, omission errors – decisions not to engage in behavior that would have 

produced appealing results – are often more complex in terms of learning. Some omission 

decisions produce clear and actionable feedback. For example, a physician who errs by not 

prescribing a useful treatment may see a clear deterioration in the health of their patient 

(though health may deteriorate even with proper treatment). Likewise, a city mayor who 

does not declare an evacuation for a hurricane, but the hurricane makes a direct hit, will 

clearly understand the gravity of their mistake (Dye et al. 2013). But in many cases, 

feedback on omission errors is not readily available. When Csaszar (2012) looked at 

omission errors by mutual fund managers, it was difficult as a researcher to identify specific 

omission errors, and would be even more difficult for the mutual fund manager herself. The 

difficulty is to have information on every decision (including the decision not to pursue a 

project) as well as on the quality of the projects that a decision was made on. The manager 

would therefore need to be privy to all past decisions (of which there will often be no record 

when the project was not pursued) as well as project quality. In many cases, decision makers 

may get little or no direct feedback on their omission errors. In such a case, learning from 

omissions would likely be difficult or impossible. Thus, we expect that: 

Hypothesis 1. Decision makers will learn from their errors of commission but not 
their errors of omission in the absence of direct feedback on their hypothetical 
payoffs.  

It is also conceivable that feedback on omission errors is directly available. For 

example, when IBM shut down its Scientific Data Systems project, some of the engineers 

involved in the project went on to leave IBM to form the new company SAP. The fast 

success of this new company gave the IBM executives direct feedback on their error of 
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omission. A venture capital partner, publishing house executive, or recording label producer 

who "passes" on a given potential deal to sign may be able to observe the eventual success 

or failure of the venture, writer, or musical act, respectively. Bessemer Venture Partners, for 

example, publishes a webpage with their "anti-portfolio" of missed investment 

opportunities, which they presumably try to learn from to improve future decision-making. 

In such cases, the availability of direct feedback on the missed performance of omission 

errors can help decision makers learn from their omission errors.  

Information on omission errors being available, however, also may have an effect on 

learning from errors of commission. Generally, decision makers in most situations exhibit an 

omission bias, i.e. they put more weight on omissions than commissions in the evaluation of 

their errors (Baron and Ritov 2004). Beyond a greater emphasis on omissions when 

information on them is available, learning from omission errors also requires the opposite 

behavioral antecedent as learning from commission error – while one requires accepting 

more projects, the other requires an increase in rejections (Klingebiel 2018). Thus, we argue 

that: 

Hypothesis 2. If direct feedback on omission errors is available, decision makers will 
learn from their errors of omission but not their errors of commission. 

Learning about omission errors by observing a competitor 

One of the most common sources of information about omission errors comes from 

competitors. To the extent that a decision maker's competitors face a similar set of decisions 

to make, the decision maker can learn about the performance of their omission errors by 

focusing attention on their competitor. 

 Decision makers frequently attempt to learn from better-performing competitors by 

imitating their practices (Haunschild and Miner 1997). Specifically, they imitate what they 

can observe and what they believe to be generalizable (Baum and Dahlin 2007). There are, 

however, a number of problems with attempting to learn in this way. First, since imitated 
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practices are not selected based on their effectiveness but on the overall performance of the 

competitor using them, those practices may be ineffective in the focal firm (Abrahamson 

1991, DiMaggio and Powell 1983, Haunschild and Miner 1997). Secondly, very successful 

peers may employ riskier practices and just have gotten lucky to make it to the top by 

chance in which case imitating their practices would likely be detrimental to the imitator 

(Denrell 2003). Lastly, the focus on few successful peers’ practices may lead to a narrow set 

of practices in the field (Porac et al. 1989) and thus hinder adaptability in the long run.  

The potential challenges of focusing on competitors in order to obtain useful 

information are especially relevant because competitors are typically the most important 

source of information about omission errors available to decision makers (Haunschild and 

Miner 1997). For example, an automobile manufacturer may decide to cancel an R&D 

project at a developmental stage but later observe a similar project being pursued to 

completion by a competitor and, subsequently, observe the sales numbers of the competitor 

model. The publishing executives that failed to sign J.K. Rowling, for example, could 

observe her success with Bloomsbury publishing.  

Social comparisons, however, may affect the behavior of decision makers and 

organizations in ways beyond learning and imitation. We particularly focus on the idea of 

competitors offering a social comparison reference point for performance (Bromiley and 

Harris 2014). Given that extensive research has explored how learning behavior is different 

when decision makers are above or below social comparison reference points (Baum and 

Dahlin 2007), we identify below how focusing attention on the behavior of competitors to 

learn from the decision maker's own omission errors may affect the learning process. 

When faced with the choice between accepting and rejecting potential investments, 

the decision to accept is inherently risky to performance. Rejection always leads to status 

quo, while acceptance either increases or decreases performance. Thus, taking action is 
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inherently risk seeking, while avoiding commitment is risk averse5. When decision makers 

are performing below their competitive reference point, we expect that they will become 

increasingly risk-tolerant in an effort to catch up with the competitor (Bromiley et al. 2001, 

March and Shapira 1987, 1992). This means that decision makers will be more likely to 

make commission errors when performing below the reference point. This will affect 

learning in two ways. First, making more commission errors leads to more data that can 

improve the opportunity to learn. If decision makers do not make commission errors, it will 

be difficult to learn from their commission errors, by default. Small sample learning is 

exceptionally difficult (Lampel et al. 2009, March et al. 1991), so an increased sample of 

commission errors will provide more opportunity. Second, while decision makers below 

aspirations may become more aggressive in order to try and catch up, they will want to 

avoid potentially large mistakes that could impair this effort. Any opportunity they see as 

"on the margin" will likely be pursued, so the real challenge is avoiding significant 

commission errors. As a result, the decision maker will focus their own limited attention on 

trying to diagnose their own commission mistakes in the past, and will pay less attention to 

the competitor's specific decision history. This will manifest as a laggard decision maker 

focusing on "getting their own house in order" first, before paying any significant attention 

to the decisions of the competitor. Such a focus on the decision maker's own history will 

inherently limit their ability to learn from anything other than commission errors. As a 

result, we hypothesize that:  

Hypothesis 3. Decision makers will learn from their errors of commission when 
performing below their reference point but not from their errors of omission.  

Above the reference point, we expect decision makers to show the opposite behavior. 

First, they will be less willing to take risks, which translates to approving fewer projects. 

 
5 This, of course, is only true in an environment in which performance rewards are stable, whereas in an 
environment with changing rewards, omissions may well be riskier (see Klingebiel 2018, Silcoff et al. 2013) 
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Consequently, they will commit errors of omission more often, which analogously provides 

additional data on omission errors from which to learn (using information from the 

competitor to understand their omission). Second, successful decision makers will have the 

opportunity to engage in more explorative learning. The success of being above a reference 

point makes decision makers more confident, leading to an increase in exploring new 

approaches (Cyert and March 1963, Levinthal and March 1981). Scholars have identified 

two different types of learning – explorative and exploitative. While performing below the 

reference point may cause both explorative and exploitative learning, performing above the 

reference point causes explorative learning (March 1991). Explorative learning implies 

seeking new types of data from which to learn, which will increase the salience of 

competitive performance data. For this reason, explorative learning is linked to learning 

from the experience of others (Baum and Dahlin 2007). The resulting behavior will be that 

higher performing decision makers who have limited reasons to study their own previous 

commission errors will instead focus on the opportunity to learn from their own omissions 

by focusing attention on the behavior of the competitor. This leads to our final hypothesis: 

Hypothesis 4. Decision makers will learn from their errors of omission when 
performing above their reference point but not from their errors of commission.  

 

Method and Data 

This study explores how different available performance feedback mechanisms affect 

learning from both omission and commission errors. We do so by using an online 

experiment that allows for causal identification of the effect of performance feedback on 

learning in the absence of confounding elements like the simultaneous arrival of 

performance feedback from multiple sources (Busemeyer et al. 1986, Cook and Campbell 

1979, Sterman 1987). This empirical approach also allows for easy replication to verify our 

findings (Bettis et al. 2016). 
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Experimental task  

Our experimental task mirrors the approach used in many modeling papers on learning (e.g., 

Csaszar 2013), where a decision maker is asked to assess projects that arrive in sequence, 

where each project must be either approved or rejected before considering the next project. 

Each project is an aggregation of multiple characteristics, which affect project performance. 

The sequencing of projects allows for the potential for learning from previous choices. Each 

project has a true, but hidden, project performance value which is only revealed after a 

decision is made. As a result, each round the participant will experience one of four 

potential outcomes drawn from signal detection theory (Dye et al. 2014) – a true positive, a 

false positive (commission error), a true negative, or a false negative (omission error). This 

provides a simple opportunity to test our broader theory about learning from omission errors 

based on the availability of feedback. 

The procedure was conducted through an online, 20 round experiment on Amazon's 

Mechanical Turk. In the experiment, participants are put in the shoes of a manager deciding 

repeatedly whether to introduce a new car to the market. A car in our task can be described 

by a unique combination of its three main features (engine, transmission, body style), each 

of which in turn can hold 4 values (e.g. “V engine” or “convertible”; full list of features and 

values in Appendix 1). A mix of features could for example be a convertible with a V engine 

and manual transmission, and each affected profit in a simple and independent manner. 

Thus, a manual transmission might always be positive for car performance across all 

potential cars considered by the subject. While many car features may actually affect 

performance in an interdependent manner, such a task would make learning significantly 

more difficult. For each of the three car features, the best performing value increased 

performance by three points (see more details on points below), while the worst decreased 

performance by three points and the others performed in between. Thus, a given car's 
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aggregate performance ranged from positive nine to negative nine. All cars which were 

launched by the participant affect profits (positively or negatively), while cars that are not 

launched do not affect profits. Thus, learning could take place about a mix of features by 

observing the performance feedback on other, similar cars. The performance feedback was 

immediate, unambiguous and non-stochastic. It was made clear to the participants that no 

knowledge of actual cars was required to perform well in the experiment.  

Experimental design 

Incentives. In providing monetary incentives to the participants, we applied the 

induced-value approach (Smith 1976): for the participants, more profitable product launches 

resulted in higher bonus payments. In line with prior experimental work, the participants 

were shown only correct information (Ortmann and Hertwig 2002). For 10 minutes of their 

time, participants were paid 25 US cents as a base payment plus an additional payment of up 

to one US dollar depending on their performance in the task. The monetary reward at stake in 

the experiment is commensurate with prior experimental work (Harmon et al. 2015) as well 

as with reservation wages of workers on Amazon Mechanical Turk (Burbano 2016, Horton et 

al. 2010). What is more, previous studies on monetary stakes in experiments have shown that 

behavior is largely invariant to varying stakes for choice (as opposed to effort) tasks 

(Camerer and Hogarth 1999, Smith and Walker 1993). Throughout the task, participants 

could accumulate performance points (an experimental currency) that would then later be 

translated into US dollars. At the beginning of the task, all participants were given 75 

performance points and each round, participants could lose or win up to 9 points. One 

performance point translated into one US cent ($0.01). We chose an experimental currency 

with an initial endowment rather than a bonus because accumulated profits during the task 

could otherwise plunge into the negative, thus taking away money from the participant. This 
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format ensured that participants always achieved at least a small bonus, even if they got 

everything wrong. Participants knew of the experimental currency / US dollar exchange rate. 

Procedure. Upon starting the survey, participants were informed of the estimated 

length, the performance incentives, and the number of rounds of the exercise. In each of the 

20 rounds, participants were shown the same decision screen (see Figure 3-1 below). On that 

screen, the current round was displayed (A) and under it the question of whether to accept or 

reject the current proposed car (B). The bottom of the screen contained a table (C) with 

information on the current car features as well as information from past rounds on features, 

decisions and performance. The table also noted the participant's current point total (D).  

 
Note. Decision screen from the control treatment from round 2 including information on (A) 
current round, (B) question of whether to accept or reject the current proposed car (B), (C) 
information on the current car features as well as information from past rounds on features, 
decisions and performance, and (D) total points.  
 

Figure 3-1: Example decision screen 
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After each decision, participants were shown their profits or losses, respectively, for 

last round’s car. During the task, an attention test was shown between rounds eight and nine 

instructing participants to not click an accept or reject button to check they were engaging in 

the task mindfully. After task completion, participants were informed of their final score and 

presented a short questionnaire on demographic characteristics. Among the information 

polled in this questionnaire were a verbal account of the participants’ strategy, their gender, 

age, motivation to participate, level of education, background in STEM subjects and average 

hourly wages on Amazon Mechanical Turk and offline. See Appendix 3 B for screen shots of 

the entire survey. 

Treatments. The central manipulation was the type of performance feedback that was 

shown to participants. All comparisons between treatments were done between subjects, i.e. 

each participant only participated in one treatment. In the control condition, only feedback on 

the participant's own product launches was displayed. Importantly, no information was given 

on how the car would have fared in the market if it was not chosen to be launched by the 

participant. In the first treatment condition, we introduced a competitor. Participants were 

instructed that they had a counterpart at their main competitor’s company tasked with similar 

duties and that they would see the competitor’s success in the market and their competitor's 

car features. This treatment added additional columns to Figure 3-1, noting the competitor's 

current performance level as well as the cars shown to the competitor. In the second 

treatment condition, there was no competitor information but direct feedback was provided 

(see Appendix 3 B) on how cars not chosen to launch would have performed in the market.  

Respondents. All participants were recruited on the Amazon Mechanical Turk 

platform. We used only data on participants that finished the task, passed the attention check, 

and more than 3 seconds on reading the instructions. A total of 123 both finished and passed 

the attention check and spent more than 3 seconds reading the instructions. All statements 
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about participants demographics refer to those 123 participants. We restricted the subject 

pool to residents of the United States to avoid difficulties with English as the language of 

instruction. Half (50%) of the participants were women, the average age was 37 years old, 

49% had an academic background in a STEM subject, and 72% had at least a college degree. 

On average, participants earned 76 cents in bonus payment. 

 

Analysis 
To understand learning, we arranged our data with a single observation for each round of the 

experiment (20 rounds). Using fixed effects (at the individual level) allowed us to look 

within any given subject at their rate of learning, while controlling for any time-invariant 

factors that may affect performance. This fixed effect approach combined with 

randomization of the treatment assigned to any given participant allowed us to use a 

regression-based approach (since we have two independent variables), but we need employ 

no other control variables. As our dependent variable (see below) is binary, we used a fixed 

effects logit regression. 

Dependent variable. The dependent variable captures success versus failure in a 

given round i. Success means making a correct choice, i.e. either rejecting a proposal that 

yields a negative reward or accepting a proposal that yields a positive reward. Thus, the 

dependent variable is a binary variable.  

Independent variables. Given our focus on learning from omission and commission 

errors, we use the respondent's cumulative omission and commission errors as two 

independent variables. To avoid an induced slope effect in the cumulative errors, we focus 

only on errors committed in the previous four rounds (Bennett and Snyder 2017). Expanding 

the window of errors considered produces similar, and statistically stronger, results. 
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Results 

We report findings of our baseline regression analysis in Table 3-1. For participants in the 

control condition (Model 1), we find a positive and highly significant effect for (0.360, p < 

0.001) for the effect of prior commission errors on success. This coefficient (odds ratio = 

1.43) suggests a 43% higher likelihood of making the right decision (i.e. not making a 

decision error) for each recent commission error. Meanwhile, there is no such effect for 

omission errors which is not surprising given that participants had no information on the 

hypothetical performance with cars they rejected. These findings are consistent with H1 and 

highlight how learning from mistakes is only feasible with adequate feedback on 

performance and potential outcomes of omitted decisions. 

 

 Model 1 
Control 

Model 2 
Full Info 

Model 3 
Competitor 

 
Commissions 
 
 
Omissions 
 
 
Fixed Effects 
 

 
0.360*** 
(0.095) 

 
-0.064 
(0.129) 

 
<included> 

 
0.073 

(0.086) 
 

0.333** 
(0.145) 

 
<included> 

 
0.202* 
(0.119) 

 
0.327* 
(0.192) 

 
<included> 

 
R2 
N 

0.021 
800 

0.007 
752 

0.012 
416 

 
Note: *p<0.10; **p<0.01; ***p<.001 
Standard errors in parentheses 

Table 3-1: Main results (full complexity) 

 
Participants in the full information treatment receive complete performance feedback 

on both proposals they have accepted and rejected, and the results are shown in Model 2. 

The results suggest that participants demonstrate positive learning from omission errors (p < 

0.01), but now no longer demonstrate learning from commission errors. In terms of the 
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effect size, this means that an additional error of omission is associated with a 39% higher 

likelihood of making the right decision subsequently. Meanwhile, participants in the third 

condition (Model 3) are aware of competitor choices and performance. These participants 

continue to show positive learning from omission errors (38% increase, p < 0.1), though the 

standard errors increase suggesting more variance. They do however demonstrate a small 

positive effect of learning from commission errors as well (22% increase, p < 0.1). Our 

second hypothesis (H2) had suggested that disclosing information about omission errors 

would help participants learn from omissions (supported in both Model 2 and Model 3), but 

doing so would crowd out learning from commission errors. The latter effect is supported in 

Model 2 (full information), but while the effects are weaker in Model 3 (competition), 

learning still manifests. This offers only limited support for H2, but the general pattern is 

broadly consistent with the idea that that learning from one type of error may crowd out the 

ability to learn from the other type of error. 

 To further explore the idea of "crowding out", we re-ran our experiment with a 

simpler task. Our supposition was that any impairment to learning that crowded out one type 

of learning could be driven by information overload. For example, rather than processing 

only own choices and feedback, participants in the competitor treatment also need to process 

the same information for the competitor. If information (or cognitive) overload is the reason 

for reduced learning, we would expect an increase in learning when the task becomes less 

complex. To simplify the task we reduced the number of features (e.g., engine) from three in 

the baseline condition to two in the reduced complexity condition. These results are reported 

in Table 3-2. In these results, we now find a consistent effect of learning from commission 

errors (35% in the control, 42% with full information, and 43% in competitor in Models 4-6, 

respectively), but we no longer find support for any learning from omission errors. Overall, 
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we still observe a lack of learning in the competitor treatment even when the information 

load is reduced.  

 

 Model 4 
Control 

Model 5 
Full Info 

Model 6 
Competitor 

 
Commissions 
 
 
Omissions 
 
 
Fixed Effects 
 

 
0.306** 
(0.142) 

 
0.191 

(0.223) 
 

<included> 

 
0.351*** 
(0.125) 

 
0.119** 
(0.191) 

 
<included> 

 
0.363** 
(0.176) 

 
0.174* 
(0.254) 

 
<included> 

R2 
N 

0.012 
400 

0.014 
576 

0.017 
288 

 
Note: *p<0.10; **p<0.01; ***p<.001 
Standard errors in parentheses 

Table 3-2: Reduced complexity results 

 
Our third and fourth hypotheses focused on the idea that participants would be more 

able to learn from commission errors when they were performing worse than their competitor 

(H3), and more able to learn from omission errors when they were performing above their 

competitor (H4). In Table 3-3, we report the results split by reference point for the full 

complexity task (Models 7 and 8) and the reduced complexity task (Models 9 and 10). In line 

with H3, we find consistent and significant positive learning effects from commission errors 

when the participant is trailing the competitor (38% increase in full complexity, p < 0.1; 

157% increase in reduced complexity, p < 0.05). When the participant is above aspirations, 

the effect is absent in the full complexity task and appears but is much smaller than the 

learning from omissions in the reduced complexity task (51% increase, p < 0.1). This 

generally supports H3. 
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 Full Complexity Reduced Complexity 
 
 

Model 7 
Below  

Model 8 
Above  

Model 9 
Below  

Model 10 
Above  

 
Commissions 
 
 
Omissions 
 
 
Fixed Effects 
 

 
0.328* 
(0.171) 

 
0.385 

(0.263) 
 

<included> 

 
0.263 

(0.183) 
 

0.680* 
(0.350) 

 
<included> 

 
0.947** 
(0.417) 

 
0.560 

(0.265) 
 

<included> 

 
0.419* 
(0.219) 

 
0.971** 
(0.424) 

 
<included> 

R2 
N 

0.025 
205 

0.022 
211 

0.102 
62 

0.038 
226 

 
Note: *p<0.10; **p<0.01; ***p<.001 
Standard errors in parentheses 

Table 3-3: Split samples based on social aspirations 

 
In line with H4, we find that learning from omissions only manifests significantly 

when the participant is ahead of the competitor, both in the full complexity task (97% 

increase, p < 0.1) and the reduced complexity task (163% increase, p < 0.05). While the 

coefficients on omission errors are not significant when the participant is below aspirations 

(in either complexity condition), it is worth noting that the coefficients are positive but the 

standard errors are quite large. This suggests that learning from omissions for participants 

below aspiration may be very uneven. It is important to note that participants above 

aspirations in the reduced complexity task seem to be able to learn from both commission and 

omission errors, though in line with H4 the effect of learning from omission errors is much 

stronger. This does provide limited support for the notion that task complexity may limit the 

ability to learn from both types of errors. 

Our theory behind H3 and H4 suggested that only participants who were above 

aspirations would really pay attention to the competitor and try to learn from their omission 

errors. In this case, the core mechanism is attention to the competitor. We wanted to explore 
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this mechanism directly, and subsequently created an additional experiment to test attention. 

Specifically, we displayed stars (“*”) next to the features of the competitor cars. The number 

of stars displayed varied between two and six. After completing the task, we asked the 

participants to recall the minimum number of stars that appeared in any round. We then 

computed the distance of this measure from the true value. We normalized the measure 

between zero and one where zero meant a low focus on the competitor and one meant a high 

focus (i.e. an absolute accurate recollection of the minimum of stars). For the following 

analysis, the sample was split by those focused on the competitor (attention value above the 

median) and those not focused on the competitor (attention value below the median). This 

allows us to have a direct an unobtrusive measure of attention. We further asked participants 

directly how much attention they had paid to the competitor on a scale from zero (all 

attention focused on own performance feedback) to 100 (attention exclusively focused on the 

competitor).  

We use this measure as an outcome variable in Model 11 in Table 3-4, where we 

check whether the number of periods the participant spent above social aspirations predicts 

the likelihood of paying attention to the competitor. As shown in the results, for each 

additional round above the reference point the participant was significantly more likely to pay 

attention to the competitor (4.5% increase, p < 0.01). This supports the core mechanism from 

our theory that the reason that participants above and below aspirations learn differently is 

because of attention to the competitor. 
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 DV=Attention DV=Performance 
 
 

Model 11 
 

Model 12 
Focus on 

Competitor  

Model 13 
Not 

Focused on 
Competitor  

 
Rounds Above 
Aspirations 
 
 
Commissions 
 
 
Omissions 
 
 
Fixed Effects 
Constant 

 
0.767** 
(0.374) 

 
 
 
 
 
 

 
 

<included> 

 
 
 
 
 

0.369*** 
(0.084) 

 
0.289** 
(0.132) 

 
<include> 

 
 
 
 
 

0.180 
(0.112) 

 
0.076 

(0.161) 
 

<included> 
 
 

R2 
N 

0.046 
90 

0.022 
972 

0.006 
463 

 
Note: *p<0.10; **p<0.01; ***p<.001 
Standard errors in parentheses 

Table 3-4: Attention to competitor 

 

 To complete the test for the mechanism, we explored whether attention to the 

competitor affected the way in which participants learned. To do this, we split the sample 

based on those who paid attention to the competitor (i.e. those who remembered the 

minimum number of stars accurately) (Model 12) versus those that did not (Model 13) in 

Table 3-4. We find that participants only learn significantly from both types of errors when 

focused on the competitor.  Specifically, an increase of one commission error is associated 

with a 33% higher likelihood of making the right decision (p < 0.01), while an increase of 

one omission error is associated with a 28% increase (p < 0.05). These results are somewhat 

surprising, suggesting that attention to the competitor is indeed the mechanism by which 

learning from omissions emerges, but it also seems to affect learning from commission 
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errors, as well. This may be driven by the idea that participants need motivation to learn in 

order to engage in active learning, and this motivation may emerge from attending to 

competitor performance. 

 

Discussion 

Previous research often does not differentiate between omission and commission errors 

when discussing learning from failure (e.g. Eggers 2012, Maslach 2016). But learning from 

omission errors is critical yet difficult as performance feedback on omissions is often absent. 

Decision makers may observe their competitors to learn from omissions, but we argue that 

such competitor focus may affect behavior and learning beyond simply providing insight 

into omission errors. This suggests that learning from decision errors is importantly 

influenced by context. Using a series of online experiments, we found no evidence for 

learning from omission errors unless feedback on the value of rejected projects was 

provided. When direct feedback on omissions was available, however, learning from 

omission errors crowded out learning from commission errors. When feedback was given by 

observing a competitor, we found overall diminished learning effects for both commission 

and omission errors. Specifically, we observed that learning effects were contingent on the 

position relative to the competitor – leaders were learning from their errors of omission but 

not their commission errors while laggards were learning from their errors of commission 

but not their omission errors. The core of our theory revolves around when and how leaders 

versus laggards will attend differently to competitors based on both their own incentives and 

availability of data. While laggards seem to learn mostly from commission errors, leaders 

focus on learning from their omissions. This is consistent with theories of performance 

feedback and risk taking (Bromiley et al. 2001, March and Shapira 1987, 1992) but has been 

ignored in previous studies on learning from decision errors. 
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Our study provides three primary contributions. First, this study contributes to the 

literature of learning from failure (Eggers 2012, Maslach 2016). Previous studies have 

pointed out that learning may be impaired when it is unclear which part of the decision 

caused the error (Eggers and Suh 2019) or when performance feedback is coming from 

multiple sources (Haunschild and Beckman 1998). We identify an additional constraint to 

learning from failure. Concretely, we find that competitive dynamics may not only spur or 

suppress learning (Baum and Dahlin 2007) but also determine what errors are learned from. 

This suggests that research on learning from failure (or learning more broadly) needs to 

focus not only on the firm itself, but also the competitive context that may directly affect the 

ability to learn. 

Second, our findings shed light on the behavioral consequences of social aspirations. 

Prior research has found that setting a performance target based on competitors’ 

performance may aid self-assessment (Audia et al. 2015), induce search for new solutions 

(Greve 1998, Baum et al. 2005), and increase productivity and effort (Blanes i Vidal and 

Nossol 2011). Our results indicate that there may be another side effect of social aspirations. 

They may curb learning from omission errors. This may hurt organizational performance in 

particular when avoiding omission errors -i.e. not missing important opportunities- is crucial 

to gaining a competitive advantage (Csaszar 2012). 

Third, this research adds to the literature of competition between individuals 

(Deutsch 1949, Deci et al. 1981, Beersma et al. 2003). The literature of interindividual 

competition spans mere co-acting (Flynn and Amanatullah 2012) to intense rivalry (Kilduff 

et al. 2010). Specific competition between individuals has been shown to have consequences 

for individuals’ performance. For example, Kilduff et al. (2010) found a significant effect of 

rivalry on team performance in NCAA basketball competitions. Nonetheless, the 

mechanisms mediating such performance effects are not fully explained. While most studies 
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point to motivation mediators (e.g. Kilduff et al. 2010), some (e.g. Flynn and Amanatullah 

2012) have suspected that learning may explain part of the performance effects. Our 

findings suggest that observing a competitor may curb learning from commission errors 

when leading against the competitor and curb learning from omission errors when trailing 

the competitor.  

More empirical work is needed to further explore how competitive dynamics 

influence learning from decision errors. Specifically, it is important to understand whether 

learning from omission errors above reference points and learning from commission errors 

below reference points replicates in an organizational context. In particular, do less 

profitable businesses focus too much on commissions but miss the next big opportunity 

when they are trailing their competitor(s)? This could be tested in the context of R&D 

activity in the Pharma industry. Omissions could be measured by patenting activity related 

to previously passed up projects and it would be easy to approximate historical and social 

reference points as done by previous studies (Lungeanu et al. 2016). Further, we focused on 

a single competitor’s behavior as a source of learning about omission errors. It would be 

interesting to study the effect of observing groups of competitors. For example, firms 

increasingly have access to public repositories of other firms’ failures, such as the MAUDE 

database for failures in medical devices (Maslach et al. 2018). This may constitute a 

boundary condition for our findings since the formation of reference points may be 

decoupled from the opportunity to learn about omission errors.  

Importantly, our task represents a dramatically simplified version of actual 

organizational decision makers. For example, a real R&D manager deciding on which 

projects to invest in receives performance feedback on many dimensions and from multiple 

sources, think customer feedback, sales data etc. However, managers need to form a mental 

model in order to make any decision that is a simplification of reality, too (Gavetti and 
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Levinthal 2000, Halford et al. 1994, Kelley 1973). Similarly, our experiments are different 

from many organizational decisions as the stakes involved are much lower. A failed car 

rollout may cost a manager his job, whereas in the experiment he is risking merely cents. 

Prior research has identified behavior to change in two ways for lower (monetary) stakes. 

First, individuals typically invest less effort (Smith and Walker 1993) and secondly, they 

take greater risks (Lefebvre et al. 2010, Weber and Chapman 2005). Our experiment, 

however, is not an effort task. Risk may play a role in the sense that approving a project 

always features a greater outcome variance than rejecting a project (outcome is always 0). 

This should affect all our treatment conditions in the same way and thus, is not expected to 

bias out results.  

 Another way in which the experimental task varies from a number of decision 

problems is that the likelihood of making an error of commission versus an error omission is 

balanced. For many managerial decision problems, on the contrary, the likelihood of making 

an omission error is much more likely than making a commission error (Klingebiel 2018). 

This is the case because the decision space is large and thus, many potentially beneficial 

projects are foregone at each point in time. Assuming a reality where omission errors are 

much more likely than commission errors, would make it even more difficult to learn about 

omission errors by gathering better data and all the more important to rely on similar 

competitors. 
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4.  THE BOILED FROG IN ORGANIZATIONAL LEARNING 
 
Introduction 

“There is a quasi-scientific fable that if you can get a frog to sit quietly in a saucepan of cold 
water, and if you then raise the temperature of the water very slowly and smoothly so that 
there is no moment marked to be the moment at which the frog should jump, he will never 
jump. He will get boiled” (Bateson 1979, p. 98) 
 
Organizational survival is periodically challenged by exogenous environmental change, i.e. a 

shift in the organization’s external reality which makes its current beliefs useless for 

identifying satisfactory solutions (March 1991). Thus, to survive, organizations must be able 

to sense the change in the environment and adapt (March 1991, Teece 2007). While some 

adapt to change and thrive, others perish. This heterogeneity in organizational responses to 

exogenous change has been attributed to differences in routines (Benner 2009), strategy 

(Hannan and Freeman 1984), leadership (Tushman and Romanelli 1985) and generally, the 

balance between exploration and exploitation (March 1991, Posen and Levinthal 2012). In 

this paper, we argue that characteristics of the external change itself widely determine 

organizational survival. Specifically, we propose that the pace of environmental change 

affects an organization’s capability to sense, adapt to, and survive exogenous environmental 

change.  

Various scholars have described the consequences of the inability to sense radical 

environmental changes (Anderson and Tushman 1990, Kaplan et al. 2003), while others have 

described the organization’s ability to adapt, conditioned on having been able to sense the 

change (Keister 2002, Kiesler and Sproull 1982, Levinthal and March 1981). The ability to 

sense is an important antecedent of the adapting process, i.e. the ability to learn from 

experience about an environment that has changed. This ability depends on the pace of 

environmental change, i.e. whether the environment changes in a more continuous or a 

discontinuous manner. We argue that it is harder to sense continuous change for reasons 
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analogous to our initial quote on the boiled frog, i.e. an organization’s ability to sense 

continuous change is limited.  

 In developing our arguments, we draw on two strands of literature. First, we use 

arguments from the organizational learning and adaptation literature to flesh out the 

relationship between environmental change and sensing by experiential learning (Posen and 

Levinthal, 2012, Stieglitz et al. 2016). Second, we draw upon the literature on environmental 

change to examine the precipitousness of environmental change (Asgari et al. 2017, Maula et 

al. 2013 Tushman and Anderson 1986). Specifically, we define environmental change as 

more or less continuous or discontinuous. By borrowing arguments from the learning and 

adaptation literature and applying them to the change literature, we claim that sensing change 

by experiential learning implies the ability to differentiate a signal of change from mere noise 

(Levinthal and Posen 2007). Naturally, this may require a performance shortfall that exceeds 

the level of noise in a stable environment (Posen and Levinthal 2012). If change, however, 

occurs continuously, the performance shortfall would rarely exceed the level of noise at any 

particular time. Thus, we argue that continuous change may be as harmful as its 

discontinuous cousin, as continuous change often goes undetected. 

We test this claim analyzing the lifespans of restaurants facing gentrification. 

Specifically, we analyze how the pace of gentrification affects a restaurant’s operating 

duration. We find that both very a fast and very slow pace of gentrification is associated with 

a reduced life expectancy. For faster changing restaurant environments, we argue that a lower 

life expectancy stems from the inability to adapt on time. Conversely, for slowly changing 

restaurant environments, we theorize that a lower life expectancy stems from the inability to 

sense the change on time. This is because organizations experiencing a continuous 

performance decline face the difficulty of telling apart (i) an altered environment from (ii) 

random noise in an unchanged environment. In the first instance, organizations would ignore 
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the change, whereas in the second, organizations would unlearn old beliefs and start again. 

Consider, for example, a restaurant owner offering Bologna sandwiches. If she finds that 

fewer people are coming into her store this could be due to the fact that many regular 

customers happen to be on vacation or it could be because the neighborhood around her has 

changed such that its new inhabitants have less appreciation for cold cuts and demand 

different food choices like salad wraps. In the former case, waiting until customers return 

from vacation while leaving the menu unchanged will do the trick. In the latter case of a 

changed neighborhood, however, she would need to forget about Bologna sandwiches and 

learn a new dish like the aforementioned salad wraps. In actuality, this mechanism could for 

example be observed in the US automobile industry’s response to the rise in imports of 

foreign cars over the past decades. Virtually insignificant in the 1970s, Toyota alone 

increased its market share in the US from three to 17 percent. Quite unable to tell that a 

permanent shift in customer preferences had occurred, US automakers’ market share fell 

dramatically. While the big three US manufacturers of cars (GM, Ford, and Chrysler) made 

had a combined market share of more than 80 percent in the late 1980s, this share fell 

through 2009 to less than 50 percent. 

Given that the main source of learning is performance feedback, organizations need to 

determine a threshold between actual performance and expected performance beyond which 

it would perceive a performance shortfall as a change. It may be feasible to determine such a 

threshold when the level of noise is low, and changes are sudden. When however, change is 

gradual, it is harder to detect change.  

We primarily add to the literature on radical environmental change (Anderson and 

Tushman 1990, Sosa 2011, Tushman and Anderson 1986) by expanding the concept of 

radical environmental change beyond cases of discontinuous change. Indeed, we show that 

continuous change may alter the value of strategic choices at least as revolutionarily as 
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discontinuous change. Continuous change may even be more harmful than discontinuous 

change because it could go unnoticed, which would thereby lead organizations to act on 

outdated beliefs and reduce the ability for future learning (Levinthal 1997) and ultimately, 

performance. Contrary to much of the change literature, however, we analyze the impact of 

exogenous environmental change as opposed to technological change brought about by one 

of the players (e.g. Benner 2010). We also contribute to the literature on organizational 

learning and adaptation by examining the capability to sense rather than just adapt to 

environmental change. While some recent work has looked at the sensing of change 

(Chakravarti et al. 2011, Green and Shapira 2018), a systematic analysis of conditions under 

which sensing is possible as well as an empirical test thereof, is absent from the literature. 

 

Theory 

In this section, we apply arguments from the literature on organizational learning and 

adaptation to the realm of radical environmental change. First, we try to parse out the 

relationship between the ability to sense change and environmental dynamism. We then use 

the insights on such relationship to differentiate between two types of radical environmental 

change (continuous and discontinuous) and flesh out the neglected perils of continuous 

radical change (in the simulation section, we explicate the sensing mechanism theorized upon 

in a simulation experiment).  

Sensing change in the environment by experiential learning  

Experiential learning leads to a better fit of an organization with its current environment. 

More experience lets organizations repeat strategies that are beneficial under current 

circumstances while discouraging the use of strategies that are less beneficial (Fang 2012, 

Levinthal 1997). As a consequence, however, organizations are less apt to perform well in a 

different context (Miles and Snow 1984). Thus, a lower performance can typically be 
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expected when a fundamental shift in the environment goes unnoticed (Haveman 1992, 

Henderson 1993, Nickerson and Silverman 2003, Tushman and Romanelli 1985). To prevent 

this from happening, organizations engage in sensing (Kiesler and Sproull 1982). Sensing 

change in an organization’s environment is thought to happen by contrasting a stimulus 

against some level of aspirations (Kiesler and Sproull 1982). In concrete terms, this means 

that an organization compares its current performance with its performance target, and 

detects a problem when the current performance is below the target (Cyert and March 1963). 

The perceived performance shortfall could then be attributed to factors internal or external to 

the organization such as to a radically changed environment (Siggelkow 2001). Both 

conceptual and experimental work have suggested that decision makers can only sense 

environmental change if the current performance deviates by some magnitude from their own 

beliefs about the environment (Chakravarti et al. 2011, Kiesler and Sproull 1982). The 

threshold for the difference between beliefs and state of the environment to trigger sensing 

differs across organizations. Beliefs about the environment in turn are formed by experiential 

learning. Learning takes place “by encoding inferences from history into routines that guide 

behavior” where routines refer to -among other things- the “structure of beliefs” (Levitt and 

March 1988, p. 320). This implies that learning is about forming beliefs about the value of 

solutions available to the organization. Beliefs are refined by continued experiential learning. 

Thus, experiential learning is a prerequisite to sensing radical environmental change, because 

only when the organization holds narrow beliefs about what performance it can expect, can it 

reliably sense change from a sudden performance shortfall. Its ability to sense also depends 

on the threshold it sets to differentiate between noise and a signal for a changed environment: 

A low threshold will lead to noticing change more often but also to a greater rate of mistaking 

noise for change. Likewise, a high threshold will lead to noticing change less often but also to 

a lower rate of mistaking noise for change.  
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 Limitations of the ability to sense change in the environment lie in the “signal-to-

noise ratio (Green and Swets 1966, Kiesler and Sproull 1982, Peterson et al. 1954) where the 

signal is the performance shortfall due to change, and the noise is random variation in a 

solution’s payoff in a stable environment. The more noise characterizes the environment, the 

harder it is to sense the genuine signal of change. This is so, because it is difficult for a 

decision maker to attribute a drop in performance to either radical environmental change or 

random noise in a stable environment. Beyond a level of noise equal to the signal of change, 

attempts of sensing is merely guesswork. Hence, it follows that, when the level of noise 

exceeds the amount by which the solution exploited by an organization decreases in value, an 

organization cannot sense the change in its environment.  

 Further, the ability to sense may be impaired by organizational memory loss, i.e. the 

fact that lessons from experiential learning (Argyris and Schon 1978) may not always be 

retained or may be forgotten over time (Haunschild et al. 2015, Walsh and Ungson 1991).  

Unlearning in response to sensing environmental change 

Sensing in itself is not easy to identify, because we cannot access the mental representation 

decision makers have of their environment (Green and Shapira 2018, Teece 2007). Prior 

research, however, suggests that often times sensing is accompanied by a distinct change in 

learning behavior: unlearning, which allows for the subsequent relearning of old beliefs. This 

is so because the same experiential learning that makes possible the sensing of change also 

hinders relearning of the value of old solutions in the changed environment. Previous work 

has proposed that outdated beliefs may be a threat to adaptation in the changed environment 

(Levinthal 1997) and may best be erased from the organization’s memory, i.e. unlearned 

(Starbuck 2017). In sum, when radical change is identified, unlearning of old beliefs appears 

to be the best way to deal with the altered environment as otherwise the burden of inaccurate 

beliefs would hinder adaptation to the new environment (Asmussen et al. 2016, Cirillo et al. 
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2014, Holan and Phillips 2004, Kim 1998, Starbuck and Hedberg 1977). Hence, “changing 

situations” require, among other things, the “unlearning of prior premises” (Garud et al. 1997, 

p. 298). Overall, an organization will set a threshold between expected performance and 

observed performance based on the level of noise at which its performance usually varies. 

When an organization experiences a drop in performance exceeding this threshold, the 

organization will attempt to unlearn old beliefs.  

Types of radical environmental change 

Fatal disruptions, arising in an incumbent organization’s environment, are commonly linked 

to discontinuous change (Tushman and Anderson 1986) or even equated with radical change 

(Tushman and O’Reilly 1996). These forms of radical change are seen as competence 

destroying and believed to alter the values attached to a firm’s set of choices dramatically and 

instantaneously (Tushman and Anderson 1986). Overall, the attribute often highlighted about 

radical environmental change is its suddenness (Tushman and Anderson 1986). This means 

the change is assumed to take place in a rather short period of time (Asgari et al. 2017, Maula 

et al. 2013). This aspect is also reflected in the fact that the change is often referred to as a 

discontinuity (e.g. Sosa 2011). 

 Meanwhile, radical change that happens continuously is not often considered. In 

Bateson's (1979) boiled frog analogy, he explains that if you were to put a frog in boiling 

water, it would sense the danger and jump put. However, if you were to place it in colder 

water and then gradually turn up the heat, it would not be able to sense the threat and die. 

Likewise, an organization for which the environment is changing completely but over an 

extended period of time would remain unaware of the radical change and not be able to adapt 

to the new situation in time. We accordingly define continuous radical change as change that 

alters the valuations of all the solutions available to an organization completely, but which 

happens over an extended period of time. There are many recent examples of situations 



 72 
 

where radical change took place in a continuous way. For example, the US postal services 

lost most of their mail business to electronic mail providers over a period of the last 20 years 

while the losses only started to exceed self-set performance targets since 2011 (Pociask 

2016). This resulted in a radically changed situation for them that, however, did not happen 

right after the new email technology arrived. Another example can be found among firms in 

the grocery industry, where consumer preferences have radically shifted from home cooked 

to prepared meals (Yoon 2017). This change has taken place over the course of almost 50 

years. To our baseline argument above, this type of change clearly provides a challenge: 

Even for moderate levels of uncertainty it is hard to discern radical change from 

environmental noise if the change is taking places in such incremental steps. Hence, we 

propose  

Hypothesis 1. When an organization experiences continuous radical change, sensing 

becomes more challenging even for low levels of noise. Therefore, the more continuous the 

nature of the change, the slower an organization will unlearn. 

Implications for organizational survival 

Prior research has often linked threats to an organization’s survival with the failure to sense 

radical environmental changes (Siggelkow 2001, Tripsas and Gavetti 2000).  This line of 

reasoning is as follows: Organizations that fail to sense change in their environment act on 

outdated beliefs (Levinthal 1997). From engaging in learning about the environment prior to 

the change, the organization has learned to pursue solutions that had proven to be profitable 

while ignoring others that had proven to be unprofitable (Denrell and March 2001). Once the 

environment has changed, however, the previously profitable solutions may now be inferior 

while the previously unprofitable solutions might earn the organizations great profits. Acting 

on outdated beliefs thus means consistently realizing inferior profits by exploiting the wrong 
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solutions. Consistent under-performing relative to those organizations that do sense change, 

however, leads to a higher likelihood of demise (Klepper 2002). It follows that 

Hypothesis 2. An organization experiencing continuous radical change will have 

lowered survival chances all else being equal.  

At the same time, discontinuous environmental change may also be associated with lower 

organizational chances of survival. An immediately altered environment makes timely 

implementation of new solutions necessary (Benner 2010). In particular, it means replacing 

old solutions with new solutions. Since organizations tend to get inert in their ways over time, 

they often fail in replacing old solutions with new ones in time (Sosa 2011). As more 

continuous change as well as sudden, discontinuous change results in lower survival chances, 

we argue that 

Hypothesis 3. There will be an inverted U-shape between the pace of environmental 

change and organizational survival.  

Gentrification as environmental change  

The Merriam-Webster dictionary introduces gentrification as the “the process of repairing 

and rebuilding homes and businesses in a deteriorating area (such as an urban neighborhood) 

accompanied by an influx of middle-class or affluent people and that often results in the 

displacement of earlier, usually poorer residents”. In New York, gentrification is also called 

“brownstoning” as it started by members of the middle class buying and renovating old 

brownstone houses in poorer neighborhoods. The process of gentrification often follows the 

same steps. To first qualify for later gentrification, richer inhabitants need to trade in their 

homes in a formerly affluent neighborhood for suburban homes. The abandoned 

neighborhood attracts low income residents involving a decrease in investments and a 

decrease of the quality of neighborhood infrastructure. When now inner city living becomes 

more attractive and house prices are low, gentrification sets in. At first, middle class residents 
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buy homes in the run-down neighborhood which they renovate themselves. Those early stage 

gentrifiers are not primarily driven by the potential increase in house prices but rather by 

living in an urban community and by the historic value of the houses they are buying. This 

type of home ownership is also called sweat equity. As a consequence of the efforts of the 

first wave of gentrifiers, quality of life improves in their communities and others start 

noticing the potential for real estate in gentrifying neighborhoods as an investment. In a 

second step, investors start buying real estate and market it to wealthy buyers. At the same 

time, businesses which are catering to the new tenants start pouring in, for example, vegan 

restaurants, bars, or Starbucks cafes. To make room for wealthier tenants, investors also 

engage in active displacement, i.e. they try to evict poorer members of the community to be 

able to renovate and sell properties to a more affluent group of tenants.  

In sum, the process of gentrification is characterized by an increase in home prices, evictions 

of poorer tenants and an influx of bars and cafes catering to the new middle class. 

 Take, for example, the history of the Mott Haven neighborhood in the South Bronx. 

After Jordan Mott’s ironworks had set up shop in the 19th century, rows of brownstone 

houses were constructed in the present-day Mott Haven historic District to house the 

managerial elite. This process aided by commuter trains beginning to service the Bronx. Post-

World War II, following an influx of Puerto Rican immigrants and a greater accessibility of 

the suburbs by highways, many of the white residents moved out of Mott Haven and into the 

suburbs. From the 1970s onwards, Mott Haven was ridden with gang violence, poverty and 

poor living conditions. In recent years, however, gentrification has taken hold of Mott Haven. 

First, local investments and efforts turned vacant spaces into community gardens and low-

income co-ops. Next, investors bought waterfront property and developed them into luxury 

lofts. The investment in housing is met also with an increase in fancy coffee shops, bars and 
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other businesses. At the same time, eviction rates are increasing - proof of the ongoing 

displacement of low-income tenants.  

 

Method 

Context 

The restaurant industry is ideal to test the effect of radical environmental change on 

organizational performance because it provides a sizable sample with a large variance of firm 

survival rates as well as a frequently changing environment by virtue of demographically 

changing city neighborhoods (Kalnins et al. 2006). Specifically, as survival rates vary greatly 

across organizations, restaurants offer the unique advantage of providing large number of 

organizations exposed to the same environmental changes. Further, restaurants usually have 

shorter lifespans than other types of organizations making the necessary time window shorter 

(Hannan and Freeman 1983). The setting also constitutes one of the most important industries 

in the US and in New York City. Nationwide, restaurant sales gross at around 785 billion US 

dollars while food establishments employ around 10 percent of the country's workforce. In 

New York City alone, eateries sell food worth around 43 billion US dollars and employ more 

than 800,000 people1.  

Data 

The first source of data is the permit database of the New York City Department of Health 

and Mental Hygiene (DOHMH). It contains information on when an operating permit (Food 

Service Establishment Permits) was first granted and when a permit ultimately expired. Such 

permits are a necessary prerequisite to operating any business in New York City that serves 

food. Thus, it gives an accurate overview of the lifespan of restaurants in New York City. 

The cleaned data set contains 30,392 entities. In each given year, there were between 10,000 

and 14,000 restaurants active (Figure 4-1), most of them located in Manhattan (Figure 4-2). 
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The earliest permit in the data was granted July 2007 and the last one in August 2018. The 

average time a restaurant was in business is 662 days. The DOHMH data set further contains 

information on cuisine type, permit violations, owner, and exact location of the restaurant. In 

the following, we leverage this location information to assign each restaurant to a 

gentrification rate in its neighborhood. 

 

 

Figure 4-1: Number of active restaurants over the years  

 

 

Figure 4-2: Number of active restaurants across boroughs 
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 We use different data to approximate the pace of gentrification. First, we use 

evictions. We extract data on the number of evictions filings for each New York 

neighborhood from data provided by the NYC Department of Investigation. Eviction filings 

are closely associated with gentrification as landlords have an incentive to replace space for 

poorer tenants with offers catered to incoming richer tenants. Secondly, we use the entry rate 

of new cafes and bars into a given neighborhood to approximate gentrification. The influx of 

cafes and bars has been shown to be a hallmark of gentrification (Glaeser et al. 2018). We 

estimate entry rates of cafes and bars using the same data from the DOHMH which contains 

additional details on the type of a restaurant which allows us to distinguish cafes and bars 

from other types of eateries.   

 We use data from the Federal Housing Finance Agency as well as zillow.com on the 

development of home prices. We are particularly interested in the 10-year annualized home 

value index. The agency’s house price index is based on the development of single-family 

house price per year and is a “weighted, repeat-sales index, meaning that it measures average 

price changes in repeat sales or re-financings on the same properties” (Federal Housing 

Finance Agency, 2018). The Zillow index is based on a machine learning estimate of all 

home values in a zip code sold or not. We use the FHFA index as a control.  

 Additionally, we collected data on changes in restaurants’ menus during our 

observation period from 2007 to 2018. Concretely, we collected menu texts from restaurant 

websites and yelp.com. We then used the wayback machine to find older versions of the same 

menu and compare the texts to see to what degree it had changed. All in all, we gather 

information on 1395 restaurants in this way. The distribution of change rates is depicted in 

Figure 4-3.  
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Note. Change refers to changes in items of sections on a menu. 

Figure 4-3: Distribution of menu change rates 

Estimation 

To test whether very slow and very fast environmental change have more negative 

performance effects than change rates in between the extremes, we run a simple OLS model 

with fixed effects for the type of restaurant cuisine. The results are robust to other estimations 

such as a propensity score matching. We exclude extraordinarily high values of evictions as 

those will likely be the consequence of a high poverty neighborhood as opposed to 

gentrification (Desmond and Gershenson 2017).   

Dependent variable 

The dependent variable is the restaurant lifespan. The information for this variable was 

extracted using the DOHMH operating permits. Lifespan is measured in days of having an 

operating permit.  

Independent variables 

The central independent variable is the entry rate of new bars. The information was taken 

from the same DOHMH database counting the number of new bars entries over the 

observation window from December 2007 to April 2018. In the same way, we used the entry 
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rate of new cafés as a secondary explanatory variable. Lastly, we used the rate of eviction 

filings as another way to approximate the pace of gentrification. In particular, we used the 

average number of evictions filed per year for each neighborhood. The information was taken 

from the New York City Marshals. The entry of new cafes or bars is a good indicator of 

gentrification as this type of businesses is typically associated with an influx of a younger, 

more affluent demographic (Glaeser et al. 2018). The eviction filings measure the other side 

of the same coin, i.e. the displacement of poorer residents (Lee 2003).  

Control variables 

We control for the number of employees as a proxy for firm size. Further, we control for 

changes in rent prices. The latter is important to separate effects driven by a change in the 

exogenous environment  - i.e. the customer base has changed -  from a change in costs. 

Through including cuisine fixed effects we also exclude that effects are driven by cuisine 

specific trends. 

 

Results 

The effect of gentrification pace on restaurant lifespan 

To find the effect of gentrification pace on restaurant lifespan, we regress lifespan – i.e. how 

many days a restaurant survived for - on the entry rate of new bars (see Table 4-1, model (1)). 

It is important to note that we consider only restaurant lifespans for restaurants that are not 

bars to avoid including the same observations in both the left and the right-hand sight of the 

regression equation. We further exclude neighborhoods with an entry rate of less than 1 bars 

per year this would not constitute radical change. Since we hypothesized the effect to take the 

form of an inverted U-shape, we include also the squared effect of the entry rate. In line with 

our argument we find that the coefficient for entry rate is positive and significant (p = 0.035) 

while the coefficient for the squared term is negative and significant (p = 0.035). We plot the 
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curvilinear effect in Figure 4-4. The effects also hold when using the entry of cafes rather 

than the entry of bars. Besides our main effect, both restaurant size (p < 0.000) and change in 

rental prices (p = 0.004) have a positive and significant effect on restaurant lifespan.  

  
DV: Lifespan 

Variable (1) (2) (3) 
 
Entry Rate 
Bars 
 
Entry Rate 
Bars2 

 

Entry Rate 
Cafes 
 
Entry Rate 
Cafes2 
 
Avg. Evict. 
Filings p.a. 
 
Avg. Evict. 
Filings p.a.2 

 
Size (# staff) 
 
 
ΔRent 
Prices 
 
 
Fixed Effects 
 
 

 
20.31** 
(7.86) 

 
-0.24** 
(2.18) 

 
 
 
 
 
 

 
 
 
 
 

 
 

20.81*** 
(0.91) 

 
   2284.00** 

(812.73) 
 
 

<included> 

 
 
 
 
 
 
 

10.28 
(9.09) 

 
-0.11 
(0.10) 

 
 
 
 
 
 

 
20.95*** 

(0.77) 
 

100.10 
(1000.18) 

 
 

<included>  

 
 
 
 
 
 
 
 
 
 
 
 

 
       3.66* 

(1.75) 
 

-0.005. 
(0.003) 

 

     14.74*** 
(1.22) 

 
9346.70** 
(848.97) 

 
 

<included> 

R2 

Adj. R2 
0.15 
0.13 

0.15 
0.14 

0.09 
0.05 

Note: *p<0.05, **p<0.01, ***p=0.001 
Standard errors in parentheses 

 

Table 4-1: Gentrification and restaurant lifespan 
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Figure 4-4: Inverted U-shape of the effect of entry rate of bars on restaurant lifespan 

 

Robustness check: entry of cafes as a measure of gentrification 

As an additional check, we conduct the same analysis with the entry of new cafes rather than 

bars (see Table 4-1, model (2)). Results are consistent with findings using the entry of bars. 

The coefficient associated with the entry rate of cafes is positive and significant (p = 0.024) 

while the coefficient associated with the quadratic term is negative and significant (p = 

0.011). Notably, an increase in rent prices is no longer significantly associated with a change 

in restaurant lifespan. The inverted U-shape is depicted in Figure 4-5.  

 

Figure 4-5: Inverted U-shape of the effect of entry rate of cafés on restaurant lifespan 
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Robustness check: eviction filings as a measure of gentrification 

We repeat the analysis by replacing the independent variable with the number of eviction 

filings (see Table 4-1, model (3)). Coefficients take the same direction as with the entry rates 

of cafes. There is a positive effect of eviction filings on restaurant lifespan and a negative 

effect of the squared term. However, neither the effect of filings (p = 0.137) nor the effect of 

the square term (p = 0.292) become as significant as the effects of entry rates. We plot the 

inverted U-shaped relationship between eviction filings and restaurant longevity in Figure 4-

6.  

 

 

Figure 4-6: Inverted U-shape of the effect of the rate of eviction filings on restaurant 
lifespan 

 

Robustness check: repeating the analysis with only those restaurants founded in the 

observation window  

To check that the effects were not driven by events in the history of the restaurants prior to 

our observation period, we repeated the main analysis leaving out those restaurants that were 

founded prior to December 2007. The main curvilinear effect of gentrification pace on 

restaurant lifespan remains unchanged. In particular, the coefficient for entry rates (of new 
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bars) is positive and significant (p = 0.044) and the coefficient of its squared term is negative 

and significant (p = 0.034). The effect size is stronger than when leaving all restaurants 

independent of their founding date in the observations. Results are shown in Table 4-1a. In 

line with our argument we find that the coefficient for entry rate is positive and significant (p 

= 0.035) while the coefficient for the squared term is negative and significant (p = 0.035). 

 

DV: Lifespan 

Variable (1) 
 
Entry Rate Bars 
 
 
Entry Rate Bars2 

 
 
Size (# staff) 
 
 
ΔRent Prices 
 
 
Fixed Effects 
 
 

 
43.93* 
(21.80) 

 
-0.70* 
(0.33) 

 
16.17*** 

(1.04) 
 

714.79 
(812.73) 

 
<included> 

R2 

Adj. R2 
0.11 
0.08 

Note: *p<0.05, **p<0.01, ***p=0.001 
Standard errors in parentheses 

 

Table 4-1a: Gentrification and restaurant lifespan 

 
Alternative explanation: the effect of fast gentrification on lifespan is driven by 

increased competition 

One could argue that the hypothesized inverted U-shaped relationship between pace of 

gentrification and restaurant lifespan is driven by increased competition for fast gentrification 

and poverty in neighborhoods of slow gentrification. Following this logic, fast gentrification 

brings about more competitors and thus it is not timely adaptation but dealing with increased 

competition which drives reduced lifespans. Effectively this would mean that competition 
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would mediate the relationship between pace and lifespan. In a first step, for that to be true, 

gentrification pace would need to predict the level of competition. To test this, we construct 

competition as a density measure capturing the number of restaurants in a given 

neighborhood per 1,000 inhabitants. We then regress the level of competition on entry rates 

of new bars. This yields a positive and significant effect suggesting that competition actually 

may work through the gentrification rate. However, to truly mediate the effect of entry rate 

on lifespan, the former effect would have to subside when including both terms into the 

regression. But, the effect of entry rate on lifespan stays highly significant (p = 0.007).  

Alternative explanation: the effect of slow gentrification on lifespan is driven by 

particularly poor neighborhoods 

Following the same logic, slow gentrification may not drive reduced lifespans through a lack 

of sensing but in fact through high poverty which just does not generate enough of a market 

for entering restaurants. In practical terms, this would imply that the effect of gentrification 

on lifespan is driven by poverty. We therefore use the NYC.gov poverty index (i.e. what 

percentage of the population lives below the poverty threshold of ~$33k a year). Again, we 

find no support that the effect of pace of gentrification becomes any weaker once a measure 

of poverty is included into the regression (p = 0.009).  

Mediation analysis: How the inverted U-shaped relationship is driven by changes in 

adaptation 

As previously discussed, we operationalize restaurant adaptation by changes in menus. In 

particular, we want to know if the degree of changes in menus mediates the effect of 

gentrification on restaurant lifespan. Results of the mediation analysis can be found in Table 

4-2. We follow the mediation approach suggested by Barron and Kenny (1986). If adaptation 

truly mediates the relationship between gentrification pace and restaurant lifespan, we would 

expect to see a significant effect of gentrification pace (here: entry rates of bars) on restaurant 
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lifespan which we do observe (Table 4-2, model (1)). Further, we would expect to see a 

significant and positive effect of gentrification pace on menu changes where instead we find 

an insignificant effect (Table 4-2, model (2)). Lastly, we would expect the effect of 

gentrification pace on lifespan to become insignificant once the adaptation variable is 

included as an additional explanatory variable which we do find (Table 4-2, model (3)). Thus, 

overall we find limited support for a mediating effect of adaptation.  

 
  

DV: Lifespan 
 

DV: Menu 
Changes 

 
DV: Lifespan 

Variable (1) (2) (3) 
 
Entry 
Rate 
 
 
Menu 
Changes 

 
-3.29** 

     (0.10) 
 

 

 
     -0.002 
     (0.002) 

 

 
     -9.29 
     (7.87) 
 
      
     -52.97 
     (874.41) 
 

 

Table 4-2: Mediation analysis (lifespan and adaptation) 

 

Survival Analysis 

Additional data 

A second source of data is Census data. From the US Census Bureau, we extract household 

income data necessary to construct our gentrification measure. In particular, we were 

interested at the median household income in New York for the beginning of our observation 

period in 2007. Additional income data is collected from the American Community Survey 

(ACS) which contains information on zip code level household income data for the aggregate 

period of 2006-2010.  

Operationalization 

The dependent variable is the duration of a restaurant’s stay in business or its age. The main 

independent variable is the change rate in a restaurant’s zip code. The change rate is 
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operationalized by the gentrification rate. This gentrification rate we construct following an 

established method to measure gentrification (e.g. Herrine et al. 2016). In particular, we 

consider a zip code gentrified if (i) by the beginning of our observation period the average 

household income was in the bottom 40% of the city, and (ii) over the entire observation 

period, the home values increased by an above median amount. Note, that we observe 

different rates of increasing home values which we take as a measure for different degrees of 

continuous change. We are left with 13 gentrifying neighborhoods.  

Results 

In a first step, we gather evidence consistent with our claim that continuous radical change 

can be more harmful to organizational survival than discontinuous radical change. To do so, 

we compare survival chances of restaurants in faster versus slower gentrifying 

neighborhoods.  

Since we have a substantial amount of right censored observations in our data, i.e. restaurants 

still in business at the end of our observation period, event history analysis is the appropriate 

method for our empirical test (Park and Russo 1996). The event on record is the case of a 

restaurant losing its operating permit.  

 We use a parametric hazard rate model and in particular a piecewise exponential 

model that allows for different hazard rates for different time periods (Blossfeld et al. 1989).  

r(t) = exp( α i + A* α i),  

 where α will be estimated, A is the matrix of covariates and α i i s the constant element in 

period i .  

Utilizing the official home price index of the FHFA as a proxy for change rates, we compute 

a binary variable reflecting whether a restaurant is in a neighborhood which is changing 

faster than the median gentrification rate or slower than the median gentrification rate. In 

Figure 4-7, we plot the survival rates for restaurants in slow versus fast gentrifying 



 87 
 

neighborhoods. Restaurants in neighborhoods that gentrifying at a slower rate have lower 

survival chances. To test the significance of the difference in survival chances, we use a G-

Rho test and find that a restaurant in a slowly changing neighborhood can be expected to 

survive more than a 100 days less than a restaurant in a fast changing neighborhood (p < 

0.001). We show the test results in Table 4-3.  

 
Note. From 13 NYC neighborhoods.  

Figure 4-7: Differences in survival rates between restaurant exposed to gentrification at 
fast (strata=0) versus slow rates (strata =1) 

 
 

  
N 

 
Observed 

 
Expected 

 
(0-E)^2/E 

 
(0-E)^2/V 

 
Fast Gentrification 
 
Slow Gentrification 

 
1321 

 
1311 

 
 

 
776 

 
878 

 
885 

 
769 

 
13.4 

 
15.4 

 
28.9 

 
28.9 

Chi2 

Df 
p 

28.9 
1 

0.00 

    

 

Table 4-3: Significance test between survival rates in Figure 4-7 

 
Similar results can be found for the analysis of relatively declining rather than gentrifying 

neighborhoods (Figure 4-8).  
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Note. From 19 NYC neighborhoods.  
 
Figure 4-8: Differences in survival rates between restaurant in relatively declining 

neighborhoods 

 
The results from the survival analysis do not contradict the predictions of the simulation 

analysis but they do not show the mechanism of sensing and subsequent adaptation behavior 

as a cause of differences in organizational survival. To establish that firms’ adaptation 

behavior indeed accounts for differences in survival, we analyze changes in restaurants’ 

menus. We make use of the mediation framework of Barron and Kenny (1986). In first step, 

we thus regress survival chances on the gentrification rate to show that gentrification does 

drive restaurant survival. As expected, we find that a higher gentrification rate is associated 

with a lower likelihood of restaurant death (Table 4-4, model (1)). In other words, a slower 

change rate implies a shorter life expectancy.   

In a second step, we regress the mediator (the change in restaurant menus) on the 

gentrification rate. We find no significant effect (Table 4-4, model (2)). Next, we regress 

menu restaurant survival on menu changes (Table 4-5, model (3)). We find that the more the 

menu changes, the less likely the restaurant is to vanish (p=0.1). This, too, is in line with our 

argument that it is a lack of adaptation that harms firm survival chances.  
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Lastly, we regress restaurant survival on both gentrification rate and menu change rate (Table 

4-4, model (4)). Both variables negatively impact the likelihood of restaurant death. The 

effect of gentrification is now weaker than in our first regression albeit still highly significant 

(p=0.001). The effect of menu changes is weakly significant (p=0.09). In conclusion, the 

mediation analysis suggests that there is limited evidence for a mediating effect of changes in 

menus. We argue, however, that such limited support is to be expected due to (1) a small 

sample size and (2) the fact that changing menus is only one of several possible measures of 

adaptation.  

 

  
DV: Survival 

 
DV: Menu 
Changes 

 
DV: Survival 

 
DV: Survival 

Variable (1) (2) (3) (4) 
 
Rent 
Prices 
 
 
Menu 
Changes 

 
-0.29** 

     (0.10) 
 

 

 
     -0.01 
     (0.05) 

 

 
 
 
 

      
      -0.19 
     (0.12) 
 

 
  -0.32** 

(0.10) 
 

       
        -0.20. 
        (0.11) 

R2 

Adj. R2 
0.02 
0.02 

0.0003 
-0.003 

0.008 
0.005 

0.04 
0.03 

Note: *p<0.05, **p<0.01, ***p=0.001 
Standard errors in parentheses 

Note. The event of restaurant death is the dependent variable. 

Table 4-4: Mediation analysis 

 

Simulation Experiment 

A model 

Since we cannot empirically observe sensing in our restaurants, we conduct a simulation 

experiment for the purpose of exploring if our theoretical arguments are plausible. Further, 

using a simulation model we can test if the assumptions we are making on sensing behavior 

can lead to outcomes consistent with our empirical findings.  
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In the simulation experiments we model a simple choice task under radical environmental 

change. In most learning environments, decision makers have to sequentially decide which 

solution to implement thereby ignoring all other potential solutions. Specifically, they need to 

choose between exploring an unknown solution or exploiting a known one. Learning in such 

a scenario only occurs by trial and error. We are particularly interested in the effect of radical 

environmental change the values of available solutions are turned upside down. Underlying 

the simulation is the multi-armed bandit model (Holland 1975, March 1996, Robbins 1952). 

It is widely used to describe learning scenarios and has even been called the canonical model 

to describe the tradeoff between exploration and exploitation (March 1996, Posen and 

Levinthal 2012).  

Task environment 

The decision maker faces an environment of 10 potential solutions. All solutions have a fixed 

and a random payoff component. The fixed component (vi) is drawn from a normal 

distribution with mean 0.5 and standard deviation 0.5. It stays constant throughout the task. 

The random component (ε) is drawn from a normal distribution with mean 0 and a variable 

standard deviation ranging from 0 to 1. This variable reflects the noise parameter in the 

environment.  Thus, the payoff of solution i in a stable environment is  

pi = vi + ε               (1) 

Radical environmental change enters into the situation through redrawing solutions’ payoffs 

from the initial distribution of payoffs. Thus, the change is stationary in the sense that the set 

of payoffs is unchanged but the assignment of payoffs to solutions differs before and after the 

change. We look at 2 types of change. First, there is discontinuous radical change. In this 

case, payoffs change from the old to the redrawn values from one period to the next. Second, 

there is continuous radical change. Here, payoffs change from the old to the redrawn values 
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in small increments. In particular, for a fraction of the 1,400 total periods, the payoffs are 

generated by taking values from a linear graph connecting the old and the redrawn values. 

Beliefs updating 

Much like decision makers in organizations decide for a strategy at the expense of other 

possible strategies in each fiscal year, the agents in this simulation choose a solution among a 

n potential solutions in each period. Initially the agent’s beliefs are flat, i.e. she beliefs all 

solutions to pay 0.5. Beliefs are subsequently updated by experiential learning. Concretely, 

we rely on an incremental updating rule that has frequently been used in simulations 

modelling learning from performance feedback (Sutton and Barto 1998). We define the belief 

Bi,t+1 as the average of the belief in period t and the current payoff (pi,t) weighted by a factor 

𝛼 that determines how much weight is put on the most recent versus more distant 

experiences. 

Bi,t+1 = (1 − 𝛼) ∗ 𝐵!,# 	+ α ∗ 𝑝!,#          (2) 

Choice rule 

A common assumption about decision makers is that they choose what has had the highest 

payoffs in the past -i.e. best practices- in most occasions, but sometimes deviate from this 

behavior and choose a random unknown solution (Posen and Levinthal 2012). A simple rule 

capturing this type of behavior is an ε-greedy choice rule (Sutton and Barto 1998). Therein, 

in 1- ε cases, the decision maker chooses the solution she believes to have the highest payoff. 

In ε cases, she chooses a previously unexplored solution a random.  

Sensing and unlearning 

Beliefs built up prior to radical environmental change often hinders learning in post change 

times (Levinthal 1997). In dealing with this threat, theoretical and empirical accounts have 

maintained that unlearning old beliefs facilitates relearning in the altered environment (Cirillo 

et al. 2014, Hedberg 1981, Nystrom and Starbuck 1984) and ultimately, yields a higher 
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performance compared with continued regular belief updating. In the present model, an agent 

unlearns old beliefs when the observed payoff of solution i deviates by more than a threshold 

θ from her belief about this solution’s payoff. In the next section, we discuss several 

alternative threshold levels. Once the difference between belief and observed payoff exceeds 

θ, beliefs are set back to the initial flat beliefs of 0.5. 

𝐵!,#$% = -
0.5, 𝑓𝑜𝑟	𝐵!,# − 𝑝!,# > θ

(1 − 𝛼) ∗ 𝐵!,# 	+ α ∗ 𝑝!,#	, otherwise	 

 

Simulation results 

The purpose of the simulation experiments is twofold. First, we investigate the effect of the 

degree of continuous change on sensing accuracy. Second, we analyze performance 

implications of different types of radical environmental change, i.e. discontinuous and 

varying degrees of continuous change. As the performance feedback in our model has a noise 

component, we average over the results of 10,000 simulated organizations.  

Sensing accuracy and degree of continuous change 

We start our analysis by looking at the effect of the degree of continuous environmental 

change on an organization’s ability to sense that change. Recall that to sense a change, the 

organization sets a value determining how far performance can drop below beliefs. This 

value also informs the organization when to reset those beliefs, enabling it to relearn the 

value of available solutions in the changed environment. Consequently, we measure sensing 

accuracy as the difference between the number of times an organization senses change, and 

the number of times change actually happens. In Figure 4-9, we show the effect of continuous 

change on sensing accuracy for a baseline model of a medium threshold between 

performance and beliefs (the simulation runs for 100 rounds, uncertainty = 0.01, learning rate 

α=0.7, threshold=10%). Here, the degree of continuous change goes from a discontinuity 

(change happens from period to the next) to change that happens over the entire remaining 
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periods. As can be seen, the more continuous the change, the less accurate the sensing 

becomes.  

 

 
Note. Lowest degree of continuous change is a discontinuity, highest degree means change is 
stretched out over increments over the entire remaining periods.  
 

Figure 4-9: Sensing accuracy as function of degree of continuous change 

 
 Next, we explore what happens when we lower or increase the sensing threshold (the 

simulation runs for 100 rounds, uncertainty = 0.01, learning rate α=0.5, threshold lower=9%, 

threshold increased=11%). Intuitively, we will assume that when the threshold is low, change 

in the environment is sensed, but that random variation is also mistaken for such change. 

When the threshold is high, those mistakes happen less often, but the likelihood of sensing 

the actual change in the environment is low. As can be seen in Figure 4-10, sensing accuracy 

decreases most from increasing the sensing threshold. Put differently, it is beneficial for the 

organization to set a low sensing threshold than a high threshold – i.e. in effort to avoid 

mistaking noise for change.  
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Note. Lowest degree of continuous change is a discontinuity, highest degree means change is 
stretched out over increments over the entire remaining periods.  

 

Figure 4-10: Sensing accuracy moderated by sensing threshold 

 
 Next, we analyze the moderating effect of the learning rate on sensing accuracy. We 

define the learning rate (α) as the weight an organization puts on recent versus more distant 

experiences. In Figure 4-11, accuracy curves are depicted for an organization focused mostly 

on recent experiences (α=0.9), a balanced learning strategy (α=0.9), and a focus on distant 

experiences (α=0.1). Put differently, organizations which are fast learners (i.e. place more 

value on recent signals from their environment) suffer greater sensing inaccuracy than 

organizations which are slow learners (i.e. place less value on recent signals from their 

environment).  
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Note. Learning rate given by 	α   in Bi,t+1 = (1 − 𝛼) ∗ 𝐵!,# 	+ α ∗ 𝑝!,# 

 

Figure 4-11: Sensing accuracy moderated by learning rate 

 

Performance implications of different degrees of continuous change 

In the following, we turn to performance implications of different rates of environmental 

change. We begin by plotting organizational performance over time (the simulation runs for 

200 rounds, uncertainty = 0.01, learning rate α=0.5, threshold=10%). We plot the 

performance effects over 200 rounds instead of a 100 as before to make clear the equilibrium 

or final level of performance organizations return to after the change has happened. The 

graphs in Figure 4-12 reflect discontinuous change, continuous change over 20 percent of the 

total rounds and continuous change over 50 percent of the total rounds. As can be seen, a 

discontinuity results in a drastic performance loss that the organization would then be able to 

recover from quickly. The more continuous the change in the environment, the more 

prolonged the performance loss – i.e. the longer it takes to recover to old performance 

heights. Overall, total performance remains on average lower when change happens 

continuously. To corroborate this insight, we plot performance deviations from the 

performance in the discontinuity case as a function of the degree of continuous change. The 
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degree of continuous change is operationalized as the percentage of all periods over which 

radical change is stretched out. As becomes apparent in Figure 4-13, performance decreases 

with a greater degree of continuous change.  

 
Note. Discontinuous change means solutions’ payoffs are redrawn from one period to the next, 
continuous change means values in each period are drawn from a linear function connecting the 
old payoffs and the redrawn ones. The length of that linear function is 20% of all periods for the 
orange line and 50% of all periods for the yellow line.  
 
Figure 4-12: Performance implications of different degrees of continuous change 

 

 
Note. Degree of continuous change in percent of total remaining rounds after initial change over 
which change is stretched out. 
 

Figure 4-13: Performance deviation from discontinuity with increasing level of continuous 
change 
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Alternative sensing by looking for trends 

An alternative way of sensing change may be to average performance feedback over multiple 

periods to detect a trend. This could be done by either averaging over the changes from 

period to period over a number of periods or running a linear regression model. In the 

following we compare the results for these two approaches. In the first case, instead of 

comparing the performance feedback from a choice against expectations thereof, the agent 

averages the changes performance of the last 25 periods. Subsequently, she senses change 

and resets her beliefs when the average change in performance over the last periods is 

negative. Performance implications of this behavior are depicted in Figure 4-14. While the 

relationship between continuous and discontinuous change stays the same, overall agents 

using the averaging heuristic perform worse than in our prior threshold model, because it is 

now more likely to trigger un- and re-learning. However, as Kahneman et al. (1997), among 

others, have pointed out, decision makers rarely actually apply an averaging heuristic. 

Therefore, in the second case, we the agent runs a simple linear regression over the 

performance feedback on a decision alternative she receives over the last 25 periods. As can 

be seen in Figure 4-15, performance implications are similar to those of our original 

simulation. This is so because while sensing may become more accurate, the time it takes to 

“collect” the necessary data to detect change is now longer and hinders immediate sensing.  
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Figure 4-14: Performance comparison with averaging heuristic 

 

 

Figure 4-15: Performance comparison with regression heuristic 

 
Kahneman et al. (1997) also suggest yet another heuristic, decision makers may use: 

They may recall only the worst experience in their recent performance history. In Figure 4-

16, results of operationalizing such a minimum heuristic are displayed. In concrete terms, the 

agent compares the worst performance she experienced in the last 25 rounds to the worst 

performance of the 25 rounds before that. Performance implications are similar than for the 

averaging heuristic. Here, too, accidental triggering of change is frequent.  
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Figure 4-16: Performance comparison with minimum heuristic 

 
Alternatively, decision makers may consider a mix of a threshold model and 

analyzing the recent performance trend. In Figures 4-17 and 4-18, the averaging and 

minimum heuristic are being used but with an additional threshold of 10%. This means, 

change is detected when the current minimum is at least 10% worse than the prior minimum, 

or the current average is at least 10% worse than the prior average. Results suggest that 

performance improves overall by adopting such a modification of the original trend analysis 

but the relationship between continuous and discontinuous change stays the same. 

 
Figure 4-17: Performance comparison with averaging-threshold 
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Figure 4-18: Performance comparison with minimum-threshold heuristic 

 
Lastly, we implement a heuristic closest to Redelmeier and Kahneman’s (1996) peak-

end rule. Here, the decision maker senses change when the last experience and the worst 

experience within a 25 period interval is worse than the respective peak and end of the 

previous 25 periods. In Figure 4-19, we show the performance implications of this heuristic 

including a threshold rule. Specifically, this means change was sensed when peak and end of 

the last 25 periods was at least 10 percent worse than the peak and end of the previous 25 

periods. In Figure 4-20, we show the performance implications without a threshold. This 

means that change was sensed when peak and end of the last 25 periods was worse than the 

peak and end of the previous 25 periods. The results do not yield different performance 

consequences than previously discussed trend heuristics.  
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Figure 4-19: Performance comparison with peak-end-threshold heuristic 

 

 
Figure 4-20: Performance comparison with peak-end heuristic 

 
Discussion 

Conclusion 

In the analysis presented here, we show that organizations may suffer from both very slow 

and very fast exogenous change in their environment. While very fast change may make it 

impossible to adapt on time, very slow change may make it difficult to sense that the change 

is happening in the first place. We have presented evidence that this is true for restaurants in 

New York City experiencing gentrification.  
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Contributions to existing literature 

Our primary contribution is to the literature on radical environmental change (Anderson and 

Tushman 1990, Sosa 2011, Tushman and Anderson 1986). While most prior work has 

focused on discontinuous change, we point to the fact that disruptions sometimes take a long 

time to manifest. When they do -a scenario we call continuous radical change- organizations 

may be harmed even more than when change is fast as it goes unnoticed for too long to react 

to it on time. This adds to literature on environmental change in two ways. First, we answer 

the call of Tushman and Anderson (1986) to study the patterns of change. We find that in 

particular the pace of change plays a crucial role in the performance implications of 

environmental change for incumbent firms. Further, while prior work has focused on 

innovation as a source of change, we study changing demand in a market of many small 

players as opposed to an oligopoly situation of few big players that endogenously bring about 

change. This applies to many other contexts for example in the service industry that have not 

been covered by prior work.  

 Further, our findings speak to the debate on organizational learning and adaptation. 

Much of prior work and learning and adaptation has looked at radical environmental change. 

For example, Posen and Levinthal (2012) model environmental change and conclude that 

adaptation sometimes means to exploit known solutions because befits from learning cannot 

be accrued as fast as they diminish as the environment is changing again. Relatedly, Benner 

(2009) emphasizes that routines must be adapted to fit changing environments. Overall, most 

prior studies take a normative approach to adaptation in changing environments, i.e. they 

model how optimal adaptation should look like. On the contrary, we emphasize under which 

condition adaptation is possible. Specifically, we argued that adaptation can only take place 

when organizations sense the change in their environments which in turn depends on the pace 
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at which the environment is changing. This adds to recent work on conditions under which 

sensing is feasible (Chakravarti et al. 2011, Green and Shapira 2018).  

By extension, we also address the dynamic capability literature. Teece (2007) argued 

that dynamic capabilities, i.e. the capability to continuously update an organization’s core of 

assets to meet the current environment’s requirements, consist of (a) sensing and (b) seizing 

opportunities. Subsequent work, however, has focused on the seizing, i.e. the creation or 

altering of organizational resources (e.g. Helfat et al. 2007). Our findings draw attention to 

the sensing part of dynamic capabilities and suggest that no changes in an organization’s 

resource endowment can be made without first accurately sensing the environmental change.  

Lastly, we also add to the debate on which types of organizations are more likely to 

survive what kind of environmental change originating in theories of population ecology. For 

example, Hannan and Freeman (1983) distinguished between specialist and generalist 

organizations. We, on the contrary, focus on the pace of change as a factor for organizational 

survival and conclude that survival chances might be following a pattern of an inverted U-

shaped such that survival chances are lowest in very fast and very slow changing 

environments.  

Limitations 

Despite its contributions, this study has a number of limitations. First, we purposefully study 

a situation where change is exogenous to the firm. Often times, however, change may be 

endogenously induced by one of the big players in an industry. In such an industry with few 

big players, we may observe that change is induced from fewer directions making it easier to 

sense.  

Further, vicarious learning is not central to our model but may be more important in more 

concentrated industries. Prior behavioral work has uncovered that organizational decision 

makers belonging to the group of “reciprocators”, i.e. those that respond primarily to social 
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norms, may sense environmental change much faster because they sample from more than 

just their own organization’s experience (Bridoux et al. 2017).  

 Another limitation is the lack of a direct measure of sensing. Sensing -an inherently 

cognitive construct- can be approximated by observed behavior such as unlearning or 

adaptation but is hard to observe directly. We also have a limited amount of data on the 

adaptation behavior of restaurants. Further studies should explore to study the boiled frog 

phenomenon in other contexts with a greater availability of adaptation data.  

Future research 

It is hoped that our finding will serve as a starting point for more empirical research which 

tests the causal chain of environmental change, sensing and adaptation. In particular, more 

work is needed on measuring the process of adaptation in the face of very slow and fast 

changing environments. One way to measure adaptation in exogenously changing 

environments would be to use patent data and the advent of new subclasses. New subclasses 

emerge frequently and grow at various rates. Growth could be measured by citations per 

subclass while a firm patenting in that subclass could represent adaptation. However, neither 

this nor our approach captures actual sensing. For that, more qualitative work is required.  

 Another interesting avenue for future research is to study which types of 

organizations fall prey to the boiled frog effect. Recent work has made headway into this by 

exploring the role different hierarchies play in sensing (Green and Shapira 2018). Future 

work could ask specifically what governance type is more or less likely to be the boiled frog.  
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5. DISCUSSION 

Dissertation Summary 

In this dissertation, I set out to examine learning under ambiguity in different choice contexts. 

Specifically, I explored which contexts lead to experiencing ambiguous outcomes and when 

it is possible for decision makers to learn from such experience. An experience is considered 

to be ambiguous when it cannot be readily classified into success or failure, i.e. it can be 

construed as both a success or a failure (Repenning and Sterman 2002, Rerup 2006). While 

prior research has focused on strategies (such as mindfulness) to cope with ambiguity, I 

focused on the choice contexts that produce ambiguous outcomes and explore for which of 

those learning is inhibited or facilitated. I pointed out three choice contexts: (1) a lack of prior 

experience to determine a sensible threshold between success and failure (i.e. they do not 

have enough data to formulate historical aspirations), (2) omission choices which do not 

produce observable outcomes, and (3) confounding exogenous change and outcomes 

produced by own choices.  

 The first study dealt with ambiguous experience generated by a lack of historical 

comparisons. Categorizing outcomes implies that there is a standard of comparison that 

determines success of failure. In the absence of such a benchmark, experience remains 

ambiguous. We then explored the role of social comparison (via outcome comparison) as a 

means to form a standard of comparison. Using an experimental search task, we have found 

that social comparison may help to improve behavior by informing decision makers of when 

and when not to search. We have further identified the number of decision alternatives as a 

moderating factor – the positive effect on search behavior only exists for a small number of 

decision alternatives while the effect turns negative for many decision alternatives.  

 The second study explored choices that are in fact omissions and thus, do not produce 

direct observable feedback. The outcome is in this way ambiguous as it remains unclear if the 
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omission was positive (i.e. the outcome from action would have been negative) or negative 

(i.e. the outcome from action would have been positive). We proposed that to learn from 

errors of omission, decision makers turn to observing competitor outcomes from choices 

similar to their own. Utilizing a product approval task in an experimental setting, we have 

found that decision makers do learn from their omission errors by observing competitors but 

only when they are performing better than the competitor. At the same time, our findings 

suggest that laggards do not learn from their omission errors and instead focus only on their 

errors of commission. We have argued that this is due to (1) leaders’ broadening of attention 

and (2) increased data on omission errors as a consequence of leaders becoming more risk 

averse and thus, more likely to commit an error of omission than an error of commission.  

 Lastly, the third study focused on ambiguity produced by an unclear cause-effect 

relationship. Specifically, it dealt with the challenge of telling exogenous environmental 

change from the outcomes of own choices. We have identified the pace of environmental 

change as a critical factor in recognizing and responding to change. We have argued that 

slow change in the environment may be harmful because change cannot be sensed and so, 

adaptation is never initiated. Very fast change, however, may also be harmful because it does 

not allow for adaptation at all when there is no time to implement new alternatives. In sum, 

we have proposed and found an inverted U-shape between pace of environmental change and 

organizational survival chances and laid out evidence that suggests that this effect is driven 

by differences in adaptation behavior. Arguments were tested in the context of the New York 

restaurant industry where we used gentrification to operationalize change. 

Contribution to Theory 

Generally, this dissertation contributes to developing a theory of learning under ambiguity. 

Prior literature has treated ambiguity as a given and focused on how decision makers can 

learn in such contexts. However, for a theory of learning under ambiguity it is important to 
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first understand which choice contexts produce ambiguous outcomes and how these facilitate 

or hinder learning. I find that contrary to what prior essays on learning under ambiguity 

suggest, the ability to learn from ambiguous outcomes varies greatly across choice contexts. 

In some contexts, it may be lack of prior experience as opposed to lack of immediate 

feedback that poses challenges for learning. Here, it is difficult to form a standard of 

comparison against which to evaluate success or failure. It may be possible to construct such 

standard of comparison by looking at comparable others. In such cases, I find that observing 

peers’ outcomes may trigger over-exploration depending on the size of one’s choice set. In 

other choice contexts, there may be ample prior experience but a lack of immediate feedback 

that poses challenges for learning. For the context of learning from omissions, the key 

challenge is to conceive the consequences of a hypothetical action. While this may be 

possible by observing competitors pursue similar actions, I find that this introduces new 

behavioral effects on learning and that the ability to learn from competitors about omission 

errors may be dependent on relative performance to the competitor. Lastly, there are 

conceivably choice contexts where choices produce feedback and there is enough prior 

experience to form a standard of comparison, but it is not obvious whether the choice or an 

exogenous change in the environment caused the outcome. I find that the ability to clearly 

categorize feedback blurred by exogenous change critically depends on the pace of the 

environmental change. In conclusion, each of these choice contexts poses a distinct challenge 

for learning thus, has to be understood separately.  

 In exploring the challenges different choice contexts that produce ambiguity pose for 

learning, I built on March and Olsen’s (1975) groundwork of a theory of organizational 

learning under ambiguity. March and Olsen (1975) argued that learning can be described in 

the following cycle: (1) Individuals have models about the environment, (2) they engage in a 

choice situation, (3) this leads to organizational action, which (3) produces responses from 
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the environment which in turn (1) alters individuals’ models of the environment, and so forth. 

They went on to suggest that this learning cycle may be incomplete at several places. 

Individuals’ beliefs may not lead to choices because individuals are constrained in their roles. 

Their choices may also not lead to organizational action for example because coalitions to 

pursue one organizational course of actions cannot be formed. Further, the relation between 

organizational action and environmental response may be severed, which may be described 

as superstitious learning. Lastly, learning under ambiguity occurs when individuals cannot 

update their models of the environment because they are unable to classify environmental 

responses in a meaningful way. In this dissertation, I study cases of “breaking the cycle in 

different ways under different circumstances”, thus contributing to the development of a 

“theory of a full cycle of organizational choice” (March and Olsen 1975, p. 169).  

 This dissertation also contributes to social aspiration theory (Cyert and March 1963, 

Greve 1998, Greve 2003b, March 1994). In study 1 and 2, I examine two instances where 

decision makers construct social aspiration levels in their learning process. In study 1, I show 

how decision makers can utilize social aspirations not only to induce change (Audia et al. 

2000, Lant 1992, Miller and Chen 1994), exploration (Baum and Dahlin 2007), and risk 

taking (Bromiley 1991), but also to inform them of when to start and when to stop searching. 

In study 2, I demonstrate that social aspirations can also be inadvertently constructed in an 

attempt to learn from competitor experiences and thus, may alter decision makers’ learning 

behavior. Overall, this suggests a broader look at social aspiration that takes into account 

different ways in which aspirations can be utilized and analyzes whether they are constructed 

deliberately or as a byproduct of learning.  

Limitations and Future Research 

While this dissertation is meant to be a step in the direction of a theory of learning under 

ambiguity, it falls short of providing a complete theory. In future research, it would be 
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necessary to identify other choice contexts that produce ambiguous outcomes along with the 

specific challenges each context imposes on learning behavior and then to integrate those into 

one typology of learning under ambiguity.  

 Further, I tested my arguments in a narrow empirical setting. The experiments in 

study 1 and 2 allowed for an exact identification of the mechanism of peer information on 

learning. They did not, however, allow for identifying all possible ways in which ambiguous 

experience from omissions or lack of experience can affect learning behavior. Future research 

may be needed to examine additional mechanisms. Additionally, the empirical setting of the 

restaurant industry in study 3 does not allow for showing the causal chain of pace of 

environmental change on survival via sensing and adaptation. I have limited data on 

restaurants’ adaptation behavior and no data on their sensing activities. Further studies are 

required to better measure sensing and adaptation directly.  

 Lastly, in study 1 and 2 I focus on the individual decision maker while in study 3 I 

study the decisions of organizations as a whole. However, more research is needed to 

determine how individual level learning behavior translates into organizational learning. This 

is also an important part of March and Olsen’s (1975) theory of organizational learning: In 

their cycle of learning, individual action may not always lead to organizational action, a 

phenomenon they call audience experiential learning. Here, individuals learn but the 

organization does not adapt, for example because of organizational politics. This again, may 

introduce ambiguity as now there are multiple standards of comparison from different 

organizational coalitions against which decision makers evaluate success or failure. The 

combination of audience experiential learning and learning under ambiguity therefore 

deserves further attention.  
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7. APPENDICES 

Appendix Chapter 2 A  

Optimal task behavior 

It is worthwhile to contrast the observed behavior from the experiment with simulated 

behavior using different stylized decision strategies. Participants face a simple task of 

searching for several periods among alternatives of unknown value. Put differently, given the 

opportunity costs that would otherwise arise, the optimal behavior is to first explore a few 

alternatives and then exploit the best of the explored alternatives. Recall that the participants’ 

task is to maximize the sum of the alternatives’ values they played over the four periods of 

the task. In exploring a new alternative, participants face (opportunity) costs of failing to 

exploit the best-known alternatives. In exploiting a known alternative, participants face 

(opportunity) costs of failing to discover an even better alternative. Below, we discuss in 

more detail how the possibility for social comparison affects optimal search behavior.   

Control condition (no social comparison). If the social comparison is not possible (control 

condition), a simple stopping rule is the optimal search strategy: first, explore for X periods 

and then exploit the best alternative found in these first X periods for the remaining (4-X) 

periods. The optimal stopping point is independent of the number of alternatives; it is only a 

function of the number of periods available for exploitation and exploration. In our context, 

the optimal stopping point is also unaffected by the distribution of the alternatives’ payoffs: 

in Figure 7-1 (dashed line), we plot the average payoffs (averaged over all 4 periods) for 

agents stopping exploration after 1 to 4 periods. Ideally, participants should explore 2 or 3 

alternatives before settling on the best among the explored. Exploring fewer or more 

alternatives has a negative impact on average performance. 
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Figure 7-1: Optimal task behavior 

 
Treatment (social comparison available). In the treatments, participants are informed about 

the payoff of the best alternatives. Broadly speaking, participants may use this information in 

two ways. First, they may explore until they find the best alternative. We call this strategy the 

exploration strategy. Second, they may adapt their stopping rule, i.e., explore for X periods 

unless they find the best alternative earlier than that. We call this second strategy the adaption 

strategy. By tendency, using the exploration strategy to utilize social comparison leads to 

increased exploration whereas the adaption strategy curbs exploration. The probability that 

the alternative corresponding to the treatment information is found within four periods is 

obviously a function of the number of decision alternatives in the choice set: if there are only 

very few alternatives, the probability is very high. If, however, there are many alternatives, 

this probability is lower. In our setups, the probability of finding the maximum of alternatives 

is 100 percent in the case of few decision alternatives (5 alternatives) and drops to less than 

10 percent for many decision alternatives (100 alternatives). This, in turn, is consequential for 

the right strategy, exploration or adaption. Consider knowing the payoff of the best 

alternative. While it is beneficial to explore until it the maximum is found, particularly when 

the probability of finding this maximum is 100 percent, it is likely to induce over-exploration 
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when the probability of finding the maximum is low. Our simulation confirms that the 

exploration strategy is the most beneficial for limited choice, whereas the adaption strategy is 

the most beneficial for abundant choice, when the exploration strategy becomes a liability. In 

combining adaption on large choice sets and exploration on small ones, the peer performance 

treatment information always carries positive value. 

 Note that participants could also interpret the treatment information differently. While 

so far, we have treated the payoff of the best alternative as a performance target, one could 

also conceivably set the performance target to a fraction of this value. For example, a 

decision-maker confronted with his best peer performance may try to reach only a certain 

percentage of the maximum payoff. When allowing for these heuristics, some pitfalls of 

social comparison can be mitigated. In particular, they are a way to prevent over-exploration 

in the peer performance treatment.  

In Figure 7-2, we show the performance implications of setting two-thirds of the 

maximum as the target. Analogously to utilizing the maximum, there are two possible 

strategies. First, participants could explore until an alternative at least as good as two-thirds 

of the maximum performance has been found. When there are only few decision alternatives, 

this yields similar performance results as aiming for the maximum. However, when faced 

with many decision alternatives, a two-third target yields almost as good results as in a 

situation of few decision alternatives, and significantly outperforms the control condition. 

The reason for this is simple: While it was less likely to find the maximum when there are 

more alternatives, the likelihood of finding a sufficiently close alternative is almost as high 

for small as for large choice sets. The same insight holds for the second possible strategy: 

Participants could adapt their stopping rule, i.e. explore X times unless an alternative at least 

two-thirds the value of the maximum can be found before. Performance effects for limited 

choice are similar to those featured in the case the 100 percent target. However, what we now 
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observe for abundant choice is a pattern similar to the pattern for limited choice. Thus, 

overall, setting a two-thirds of the maximum performance target can be superior to shooting 

for the maximum, particularly for a large choice set.  

 
Figure 7-2: Optimal behavior using a 2/3 target heuristic 
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Appendix Chapter 2 B - Experiment 

 
Figure 7-3: Instruction screen 1 

  

Dear mTurk worker,

You are now taking part in an experiment on decision making and learning.
It will take you about 5 minutes to complete this experiment. Your base payment 
will be 5 cents and you can earn a bonus of up to 10 cents, depending on your 
decisions (and, to a lesser extent, on luck). You may also choose to earn an 
additional bonus of up to 5 cents by answering a few questions about yourself 
and your decision-making approach, during this experiment.

Everything that you need to know to perform well in this experiment is explained 
on the following screens. If you have any questions, please drop us an email at 
empiricist1740@gmail.com
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Figure 7-4: Instruction screen 2 

  

In this experiment, you will take on the role of a manager of a company. There will 
be 4 periods in which you will have to decide about your company's strategy, i.e., 
choose among 5 different strategies. The profits of these different strategies are 
initially unknown to you; only by trying a strategy, you will learn about its profits.

At the end of each period, you will learn what profits your chosen strategy 
generated. In the next period, you can decide whether to stick with the currently 
best performing strategy (“exploit”) or try a different strategy (“explore”).
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Figure 7-5: Instruction screen 3 

  

You will now play the experiment. The more profits you generate, the higher your 
bonus will be.

You are the manager of company X in industry Y.

Proceed to the next screen to know about the value of your company's current 
strategy.
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Figure 7-6: Decision screen first period 

  

Period 1
The current strategy of your company generates profits of $76 million.

Do you want to
exploit this strategy to earn a profit of $86 million
explore an alternative strategy with an unknown profit Period Profits 

(in Million of $)
1
2
3
4
5
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Figure 7-7: Decision screen mid-task 

  

Period 3
The current strategy of your company generates profits of $86 million.

In total, your company has now earned profits of $162 million and explored 2 out 
of 5 possible strategies.

Do you want to
exploit the best strategy you tried so far 
to earn a profit of $86 million
explore an alternative strategy with an unknown profit

Period Profits 
(in Million of $)

1 76
2 86
3
4
5
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Figure 7-8: Attention check 

  

Period 4
The current strategy of your company generates profits of $86 million.

This is an attention check. If you are paying attention please proceed to the next 
screen without choosing any option. 

Do you want to
exploit the best strategy you tried so far 
to earn a profit of $27 million
explore an alternative strategy with an unknown profit

Period Profits 
(in Million of $)

1
2
3
4
5
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Figure 7-9: Final task screen 

  

Thank you for completing this part of the experiment.

In total, your company earned profits of $347 million.

Please click below to proceed.
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Figure 7-10: Comprehension questions 1 

  

Finally, we will ask you four short questions on the understanding of 
the experiment. 

To get an above average bonus in the end, you needed to choose a 
strategy  with an above average profit in every period. 

True
False

It was ideal to explore a few times and then only exploit the best found 
strategy for the remaining periods.

True
False
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Figure 7-11: Comprehension questions 2 

  

It was ideal to explore until the best available strategy has been found.
True
False

The bonus for the first part of the experiment was based on the sum of 
the profits you earned for your company. 

True
False
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Figure 7-12:  Additional questions 1 

  

Why are you participating in this study?

MTurk experiments are my primary source of income. 

To earn some additional money.

For entertainment.

To kill time.

Out of curiosity. 

I am a researcher and I like to spy on other projects. 

Gender

Male

Female 

Age

What is your highest level of education?

No formal degree 

High school

Associate’s

Bachelor’s

Master’s

J.D.

M.D.

Ph.D.

Have you ever heard of the multi-armed bandit (“n-armed bandit”) model?

Yes

No

Have you ever heard about the “exploration / exploitation dilemma”?

Yes

No

Have you ever heard about “optimal search” theory?

Yes

No

Have you ever heard about the term “ambidexterity”?

Yes

No

Do you work in an organization with more than 10 employees?

Yes

No

If so, are you working in a managerial role?

Yes

No
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Figure 7-13: Additional questions 2 

  

Do you have a background in one of these fields?

Mathematics

Natural Sciences

Computer Science

Economics or Finance

Statistics

Engineering

No I do not have a background in any of those fields

What hourly wage did your last or current job pay?

Less than $5.

Between $5 and $10

Between 10 and $20 

Between $20 and $30 

Between $30 and $40

More than $40.

Prefer not to say.

How much do you make, as an mTurk worker, per day on average?

Less than $5.

Between $5 and $10

Between 10 and $20 

Between $20 and $30 

Between $30 and $40

More than $40.

Prefer not to say.
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Figure 7-14: Changed introduction treatment 1 

  

You will now play the experiment. The more profits you generate, the higher your 
bonus will be.

You are the manager of company X in industry Y.

A consulting study concludes that, with the right strategy, your company's 
profits could be as high as $121 million.

Proceed to the next screen to know about the value of your company's current 
strategy.
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Figure 7-15: Changed decision screen treatment 1 

  

Period 3
The current strategy of your company generates profits of $86 million.

In total, your company has now earned profits of $162 million and explored 2 out 
of 5 possible strategies.

Remember that, with the right strategy, your company’s profits could be as high 
as $121 million. 

Do you want to
exploit the best strategy you tried so far 
to earn $86 million
explore an alternative strategy with an unknown profit

Period Profits 
(in Million of $)

1 76
2 86
3
4
5
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Figure 7-16: Manipulation check treatment 1 

  

What was the profit of the best available strategy in the previous 
experiment?

Million of $: 
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Figure 7-17: Changed decision screen treatment 2 

  

Period 3
The current strategy of your company generates profits of $86 million.

In total, your company has now earned profits of $162 million and explored 2 out 
of 100 possible strategies.

Do you want to
exploit the best strategy you tried so far 
to earn $86 million
explore an alternative strategy with an unknown profit

Period Profits 
(in Million of $)

1 76
2 86
3
4
5
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Figure 7-18: Changed decision screen treatment 3 

  

Period 3
The current strategy of your company generates profits of $86 million.

In total, your company has now earned profits of $162 million and explored 2 out 
of 100 possible strategies.

Remember that, with the right strategy, your company’s profits could be as high 
as $121 million. 

Do you want to
exploit the best strategy you tried so far 
to earn $86 million
explore an alternative strategy with an unknown profit

Period Profits 
(in Million of $)

1 76
2 86
3
4
5
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Appendix Chapter 2 C  

To address the concern that our sample differs from the managers commonly being the object 

of investigation in the strategic management literature, we utilize the demographic 

information available about our participants. Concretely, we split the sample population by 

participants’ characteristics that are common among managers. First, we asked participants if 

they held managerial positions at an organization with at least 10 employees. In Figure 7-19, 

we compare the performance effects across managers and non-managers. As a consequence 

of a much smaller sample of managers (n = 160) compared to non-managers (n = 407), 

performance effects become less pronounced. However, there are no significant performance 

differences between managers and non-managers. 

 

 

Note. Separation by managerial position is based on self-reported occupations of participants. 
Performance is normalized by subtracting performance in the control treatment.  
 

Figure 7-19: Performance comparison between managers and non-managers 

 

 Second, we address the criticism that managers tend to be older than the average 

participant in online experiments. The average age of American CEOs upon appointment is 

50. The average age of first managerial appointment is 30 years (Zenger, 2012). In our 

sample, the average age is at 37 years already close to the age group of managers. To provide 

additional evidence that the results are not driven by participants being considerably younger 

than managers, we split the sample by age.  Specifically, we look at performance effects for 
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below versus above 30-year-old participants. As can be seen in Figure 7-20, no significant 

differences in performance exist between the two age groups.  

 

 

Note. We chose 30 years as a cutoff point to split our sample by age because the vast majority of 
employees in their twenties are not occupying a managerial position with a large increase in that 
number in their thirties.  
 

Figure 7-20: Performance comparison between age groups 

 
 A third difference between mTurk workers and managers may be the level of 

education. While managers are often reported to have at least a college degree but often times 

also an MBA, a JD or comparable graduate-level degree, our sample features college 

educated and participants without college degrees in about equal shares. To establish that our 

results are not driven by these less educated part of the sample, we again conduct a split 

sample analysis contrasting performance effects for participants who hold at least a 4-year 

college degree with those who do not. As we see in Figure 7-21, there are no significant 

differences between the two levels of education.  
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Note. The cutoff point here is having completed at least a 4-year college education.  
 

Figure 7-21: Performance comparison between levels of education 

 
 Lastly, managers ordinarily command a higher income than mTurk workers. To 

establish that our results are not in fact driven by a specific low-income category of 

participants, we conduct a split sample analysis for those who report earning more versus less 

than $20 per hour, respectively (see Figure 7-22). Again, the direction of the effects is the 

same for both samples, even if participants with higher real-life salaries perform better and at 

a higher variance among themselves.  

 

 

Note. We chose to divide the sample by a $20-dollar threshold because that is roughly the median 
hourly wage for American workers (according to the Bureau of Labor Statistics). 
 

Figure 7-22: Performance comparison between levels of income 

 
Note. Sample choice screen from a first period of the peer performance treatment.  
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Appendix Chapter 3 A  

                     Car Features  
 Engine Transmission Body 
Values of Features V Manual Sedan 

Boxer Semi-automatic Convertible 
Inline Automatic Station 

wagon 
Wankel Dual clutch Hatchback 

Table 7-1: Car features 
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Appendix Chapter 3 B  
 

 
Figure 7-23: Instructions omissions experiment 
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Figure 7-24: Instructions omissions experiment (cont'd) 
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Figure 7-25: Omissions post-experiment screens 
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Gender 

• Male 
• Female 

 
Age 
 
 
Why are you participating in this study? 

• MTurk experiments are my primary source of income.  
• To earn some additional money. 
• For entertainment. 
• To kill time. 
• Out of curiosity.  
• I am a researcher and I like to spy on other projects.  

 
What is your highest level of education? 

• No formal degree 
• High school 
• Associate’s  
• Bachelor’s 
• Master’s 
• J.D. 
• M.D 
• Ph.D.  

 
Do you have a background in one of these fields? 

• Mathematics 
• Natural Sciences 
• Computer Science 
• Economics or Finance 
• Statistics 
• Engineering 
• No, I do not have a background in any of those fields. 

 
What hourly wage did your last or current job pay? 

• Less than $5. 
• Between $5 and $10.  
• Between $10 and $20.  
• Between $20 and $30.  
• Between $30 and $40.  
• More than $40.  
• Prefer not to say.  

 
How much do you make, per day, as an mTurk worker on average? 

• Less than $5. 
• Between $5 and $10.  
• Between $10 and $20.  
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• Between $20 and $30.  
• Between $30 and $40.  
• More than $40.  
• Prefer not to say.  

 
Figure 7-26: Omissions post-experiment questionnaire 
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Figure 7-27: Omissions treatment information – competitor treatment 
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Figure 7-28: Omissions treatment information – full information treatment 

 


