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The roots of education are bitter, but the fruit is sweet. 

– Aristotle 
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ABSTRACT 

This dissertation takes an employee-oriented approach to the within-firm OM 

decisions and investigates the effects of interventions focusing on employees on the 

process outcomes. Through a series of three essays, we handle three management tools; 

rank-based performance feedback, knowledge transfer via the adoption of best practices, 

and algorithmic real-time feedback and coaching; each has potential adverse effects on 

employees yet could be very rewarding once successfully implemented. We seek to gain a 

profound understanding of employee behavior and stimulate engagement, thereby fostering 

more efficient and productive systems. 

In the first chapter, we conduct a series of experiments to study the impact of three 

different types of relative performance feedback (RPF) on middle-ranked workers' output 

on a skill-based task. We find that receiving any type of feedback reduces performance 

compared to no feedback. We conduct mediation analysis and show that receiving feedback 

changes employees' feelings associated with general performance, which explains the 

performance reduction. Aligned with theory, delivering feedback increases the focal 

employee's social comparison involvement (SCI), which measures the focal individual's 

tendency to compare themselves to others while performing the task, and their shame. 
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The second chapter concentrates on enhancing performance through fostering 

internal knowledge transfer and promoting the adoption of best practices. Through a series 

of experiments, we assess the effects of providing performance feedback in conjunction 

with best practices on knowledge-seeking behavior, best practice adaptions, and 

operational performance. Our study poses an exciting finding by showing that RPF's 

previously documented negative effect on middle-ranked workers could be mitigated, and 

performance improvement could be attained when combined with best practices.  

The concluding chapter focuses on the effect of using algorithmic feedback and 

coaching as management tools in service operations within call center environments. 

Companies are deploying artificial intelligence applications into service settings in a 

variety of ways, from automating agent tasks to replacing human servers altogether. This 

study examines how artificial intelligence-based feedback (AI) impacts customer service 

agent employee productivity as measured by three key performance indicators: call-handle 

time, customer satisfaction, and call service quality. Our field partner, a North American 

outsourced call center deployed the AI software to monitor calls during a bill collection 

campaign and provide visible cues to remind agents of their service script requirements. In 

this way, the AI acts as a real-time supervisor, assessing agent performance and offering 

real-time feedback during and after the call. Using international call center data, we provide 

evidence that agents with access to the AI feedback are indeed more likely to comply with 

scripts and in so doing, deliver increased operational efficiency with lower call handle time. 

Moreover, calls conducted with AI feedback show an increase in two service quality 

metrics not commonly associated with technology-assisted communication: respect and 
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rapport. 

In summary, through three studies, we offer theoretical and practical implications 

about the use and challenges associated with various management tools and provide ways 

to improve employee behavior to stimulate engagement and foster more efficient and 

productive systems. 
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INTRODUCTION 

The service sector is the largest and the fastest-growing segment in the economies 

of developed nations, including  the USA (Chase and Apte 2007). Thus, one cannot get 

enough by underscoring the immense significance of service operations in shaping the 

economic landscape of modern nations and the potential repercussions of not recognizing 

its importance. 

However, as anticipated, there are notable challenges tied to enhancing profitability 

in services, particularly without increasing labor hours. An effective way to improve 

service operations involves empowering employees with skills, enabling them to serve 

customers more effectively. After all, highly satisfied customers are key drivers of growth 

and profitability in service-oriented organizations. The service profit chain, as proposed by 

Heskett et al. (1994), establishes a connection between a service company's profitability 

and growth with the satisfaction and loyalty of its employees. According to this model, 

customer loyalty drives profitability and growth, and this loyalty stems from the perceived 

value of the service. A critical component for offering valuable service is having well 

supported, and efficient employees. Thus, for a service organization to thrive, it needs to 

focus on employee-related factors that effects the entire operation and has significant 

impact on the organization’s profitability. 

With this motivation and perspective, this dissertation takes an employee-oriented 

approach to the within-firm OM decisions and investigates the effects of interventions 

focusing on employees on the process outcomes. Our approach is to understand challenges 

beyond successful implementation of the tools that’s proven to be challenging yet 
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rewarding once done. In general, our approach is to better understand and empower 

employees and support them with feedback, knowledge and technology to increase their 

engagement, satisfaction and loyalty through which service organizations could deliver 

operational outcomes via expanding satisfaction and loyalty of customers. 

For this dissertation work, I study three different employee management tools that 

have a significant effect on operational outcomes such as task performance and customer 

satisfaction. These tools are rank-based relative performance feedback (RPF), knowledge 

transfer via best practices adoption (BPA), and artificial intelligence (AI) based algorithmic 

feedback and real-time coaching. The common divider among all these tools is that they 

pose significant challenges beyond successful implementation and get resistance from 

employees in the form of negative emotional responses, rejection, resistance for acceptance 

or disengagement. We seek to understand the incremental effect of providing these tools 

on employee performance via changes in employee behavior when they are used in 

combination or separately. Ultimately our goal is to discover ways in which these 

management tools affect employee behavior, stimulate acceptance and engagement, which 

in turn affects customer experience and operational outcomes, thereby fostering more 

efficient and productive systems. 

The first chapter1, co-authored with Anita Carson, examines how various forms of 

RPF influence worker productivity and what underlies the change. We conduct a series of 

experiments to unravel the effects of three different types of RPF on middle-ranked 

 
1 The first chapter has been submitted as a manuscript to the Journal of Operations Management, and 
also is an updated version of Turkoglu and Tucker (2022). 
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workers’ output on a skill-based task. In our study, participants do not receive any 

information to help them improve at the task and there are no financial incentives. 

Intriguingly, our findings suggest that the provision of feedback, regardless of its nature, 

tends to decrease worker performance in complex tasks. We find that receiving any type 

of feedback reduces performance compared to no feedback. We conduct mediation analysis 

and show that receiving feedback changes employees’ feelings associated with general 

performance, which explains the performance reduction. Aligned with theory, delivering 

feedback increases the focal employee’s social comparison involvement (SCI), which 

measures the focal individual’s tendency for comparing themselves to others while 

performing the task, and their shame. Our results imply that making individuals care more 

about social comparisons and creating feelings of shame decreases performance on skill-

based tasks for middle-ranked workers in the absence of financial incentives and 

information on how to improve. An implication of our study is that any form of rank-based 

performance feedback should be implemented with caution as it may harm the performance 

of the majority of workers. 

The second chapter, co-authored with Anita Carson, concentrates on enhancing 

performance through fostering internal knowledge transfer and promoting the adoption of 

best practices. Our earlier studies demonstrated that the mere provision of performance 

feedback fails to boost performance without equipping employees with tools to hone their 

skills or approaches. Through a series of experiments, we assess the effects of providing 

performance feedback in conjunction with best practices on knowledge-seeking behavior, 

best practice adoptions, and operational performance. We further investigate whether it is 
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feasible to transform the negative implications of feedback into positive outcomes, using 

knowledge stemming from superior performing peers that provide actionable insights into 

improving task performance rather than merely exerting greater effort. Our study poses an 

exciting finding by showing that RPF's previously documented negative effect on middle-

ranked workers could be mitigated, and performance improvement could be attained when 

combined with best practices. Our research provides implications for decision-makers to 

utilize more effective strategies for motivating their employees with rank-based feedback 

and advert the previously documented negative consequences on middle-ranked workers. 

The concluding chapter, co-authored with Michelle Kinch,  focuses on the effect of 

using algorithmic feedback and coaching as management tool in service operations within 

call centers, which has been a major channel for customer-firm interactions (Aksin et al. 

2007, Tezcan and Behzad 2012). New developments, and recent advancements in 

information technology offer opportunities to redesign and improve service-delivery 

operations within these centers (Wang et al. 2022). Among these, companies are deploying 

Artificial Intelligence applications into service settings in a variety of ways, from 

automating agent tasks to replacing human servers altogether. AI-supported customer 

service plays a pivotal role in propelling the expansion of the global AI market, anticipated 

to surge from $6.8 billion in 2021 to $18.4 billion by 2026 (Markets and Markets 2021, 

Wang et al. 2022). Additionally, the AI market stood at $959 million in 2020 and is 

forecasted to escalate to $9.95 billion by 2030 (Reports 2022). Given this substantial 

economic activity and growth trajectory, ensuring efficient service in establishing these 

systems is of utmost importance. This study examines how artificial intelligence-based 
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feedback (AI) impacts customer service agent employee productivity as measured by three 

key performance indicators: call-handle time, customer satisfaction, and call service 

quality. Our field partner, a North American outsourced call center deployed the AI 

software to monitor calls during a bill collection campaign and provide visible cues to 

remind agents of their service script requirements. In this way, the AI acts as a real-time 

supervisor, assessing agent performance and offering real-time feedback during and after 

the call. This contrasts with the traditional approach where supervisors periodically listen 

to call samples, evaluate performance and quality, and use otherwise productive agent 

capacity for coaching and feedback sessions. Using international call center data, we 

provide evidence that agents with access to the AI feedback are indeed more likely to 

comply with scripts and in so doing, deliver increased operational efficiency with lower 

call handle time. Moreover, calls conducted with AI feedback show an increase in two 

service quality metrics not commonly associated with technology-assisted communication: 

respect and rapport. This research presents evidence of successful human-machine 

collaboration without theorized algorithmic aversion or decline in customer satisfaction - 

effectively challenging the conventional service-efficiency trade-off and offering practical 

insights for companies seeking to augment service encounters with artificial intelligence 

technologies. 

Our findings suggest that a frequently used management tool of providing rank-

based feedback can hinder the performance of mid-tier workers, especially when lacking 

financial incentives and guidance for improvement, as, by itself, rank-based feedback 

emphasizes social comparisons and induces shame on average employees, which 
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constitutes most of the workforce in an organization. Thus, decision-makers shall tread 

carefully with rank-based feedback, as it could adversely affect most of their employees. 

However, this negative impact can be mitigated and even reversed when feedback is 

complemented by another management tool to provide guidance for improvement on tasks; 

internal knowledge transfer via the adoption of best practices. This way, with the 

interdependent provision of these two tools, challenges ahead of successful implementation 

can be mitigated, compared to offering each in isolation. Finally, our findings of 

implementing algorithmic feedback as a management tool showcase a successful human-

machine collaboration through improved employee performance in operations without 

signs of diminished customer experience, offering managers practice implementation on 

effectively breaking the conventional service-efficiency trade-off from an employee's 

perspective. In summary, through three studies, we offer theoretical and practical 

implications about the use and challenges associated with various management tools and 

provide ways to improve employee behavior to stimulate engagement and foster more 

efficient and productive systems. 
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CHAPTER ONE 

THE DEMOTIVATING EFFECTS OF RELATIVE PERFORMANCE 

FEEDBACK ON MIDDLE-RANKED WORKERS’ PERFORMANCE 

Introduction 

Increasing workers’ productivity can improve the financial performance of firms. 

For example, 2019 US Labor statistics show that—without an increase in labor hours—

output in some service industries increased by 5% to 9%. Those companies that increase 

productivity without investing in additional labor may have a competitive advantage. Thus, 

an important managerial task is implementing cost-effective programs that improve 

workers’ productivity. 

One possible lever for improving worker productivity is utilizing motivational 

benefits from social comparisons triggered by receiving feedback. Bendoly and Hur (2007) 

emphasize the importance of OM research on how worker motivation is affected by 

managerial policies. Bendoly et al. (2006) create a framework summarizing OM literature 

on employee’s behavior that impact OM-related activities such as production and 

workflow. Moritz et al. (2013) show that individual differences play a critical role in 

operational outcomes. In our research, we rely on the motivational benefits stems from 

being exposed to social comparison in work settings. According to social comparison 

theory, individuals will compare themselves to similar others to evaluate their own ability 

(Festinger 1954, Suls and Wheeler 2000). In doing so, individuals compete for non-

monetary incentives, such as being perceived as top performers. Relative Performance 

Feedback (RPF) can be a tool to induce social comparisons at an individual level. RPF 
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refers to the practice of providing information to each worker about her performance on a 

specific metric as compared to her coworkers’ performance (Blanes i Vidal and Nossol 

2011). There are two primary forms of RPF—private and public. In private RPF, each 

worker’s performance is shown in a ranked list, but with code numbers (i.e., 082, 170) 

rather than names, so identities are disguised. Each worker knows only her own code so 

that she can identify her rank in the list, but she does not know the identity of others on the 

list. In public RPF, actual names are used so that everyone knows the relative rankings of 

all of their coworkers Song et al. (2018). 

Companies frequently use social comparison incentives, such as announced awards 

and promotions based on performance. Some U.S. retail stores go as far as making their 

employees’ performance metrics visible to customers. For instance, Costco, a major U.S. 

retailer, publicly displays charts showing cashiers’ weekly performance in publicly visible 

places to motivate cashiers. 

Research has found that RPF can increase workers’ efforts. However, despite 

productivity gains, there are drawbacks of using social comparisons. It can create an 

excessively competitive work environment that decreases employee morale (Major et al. 

1991, Milkovich et al. 1996). In addition, although receiving RPF motivates top and 

bottom-ranked employees (Kuziemko et al. 2014, Gill et al. 2018), scant studies focus on 

the impact of RPF on middle-ranked workers who, by definition, comprise the bulk of the 

workforce. Given, by definition, the largest percentage of employees will be middle-

ranked, any positive or negative change from RPF in the performance of the middle rank 

will have a significant effect on a company’s overall performance. For this reason, it is 
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imperative to understand the impact of RPF on middle-ranked workers’ performance. 

Another limitation of prior studies is that they don’t tease apart the mechanisms through 

which RPF has been shown to have a positive impact on productivity. To illustrate, Song 

et al. (2018) cannot isolate whether their study’s productivity gain comes from increased 

effort provision spurred by RPF or from the fastest physicians sharing their best practice 

tips. 

To address these gaps in the literature, we design a new form of RPF feedback, 

hybrid RPF, to address the shortcomings of RPF and test its effectiveness on middle-ranked 

workers’ performance. Specifically, our research questions are as follows: What is the 

effect of providing public, private and hybrid performance feedback on middle-ranked 

workers’ performance? What are the causal mechanisms behind the results? 

Experiments can be a powerful empirical method to understand worker behavior in 

various OM related activities (Hora and Klassen 2013, Moritz et al. 2013, Lonati et al. 

2018, Eckerd et al. 2021). We use a series of lab experiments to answer our research 

questions. Our experimental design enables us to isolate the effect of RPF on individual 

worker performance. First, we remove the impact of financial incentives by having a fixed 

payment compensation scheme that ensures that any “working harder” result is not due to 

participants wanting to improve their financial outcome. Given the real-world prevalence 

of RPF without financial incentives, such as Costco’s RPF scheme, there is a need for 

research that distills drivers of performance under these conditions. Second, we remove 

participants from their social circles (i.e., hometown, work environment, and school) to 

isolate the effect of social comparison from the side effect of increased social visibility of 
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RPF when workers have existing social connections with each other. Third, we provide the 

same fictitious “middle-of-the-pack” rank to all participants regardless of their actual 

performance. Giving the same rank to all participants enables us to remove the well-

documented effect of being top ranked on effort (Gill et al. 2018). It also avoids 

motivational distortions that happen once agents know their relative positions after the 

feedback is revealed. Finally, we build on Bradler et al. (2016) and use limited public 

recognition in our feedback design. We display only a few recognition categories: top, 

middle, and bottom. We do this to motivate all participants in the same way by showing 

them that they are in a large group of middle-ranked workers. 

In our experiment, participant performance is measured by the total number of math 

questions answered correctly in each of the two rounds. We randomize subjects to one of 

four different treatment conditions, determined by the type of feedback given between the 

two rounds: private, public, hybrid, and no feedback. Random assignment minimizes 

potential confounding effects of individual and demographic factors (i.e., subject’s ability 

level, gender, level of education) on performance. Thus, we can infer a causal relationship 

between feedback treatment and subject performance. We test our hypotheses using linear 

regression models and check the robustness using logarithmic and Poisson regression 

models. We find that any type of feedback to middle-ranked workers decreases their 

performance. We conduct a mediation analysis to understand the drivers behind our results. 

We show that the performance reduction is mediated by participants’ feelings of shame 

about their general performance and increased social comparison involvement -SCI.  
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The paper contributes to the literature on behavioral operations, worker 

performance, and decision-analysis studies on rank feedback. Our results help explain 

conflicting findings on the impact of RPF on worker productivity. By removing potentially 

confounding factors, such as financial concerns and pre-existing social ties, our empirical 

design shows that RPF asserts a negative effect on middle-ranked workers’ performance 

via two mechanisms, SCI and workers’ feelings of shame about their general performance. 

An implication of our study is that decision-makers should implement a version of RPF 

that motivates the majority of the workforce rather than just the top performers. Otherwise, 

using an RPF scheme might collectively do more harm than good. 

Literature Review and Hypothesis Development 

 We briefly review the literature on RPF and define two theoretical 

constructs central to our study: social comparison and social visibility. Research in lab 

settings as well as actual work contexts finds that receiving private RPF improves some 

workers’ efforts compared to not receiving RPF. In lab settings, Hannan et al. (2008) show 

this with participants acting as product managers, Murthy and Schafer (2011) replicate this 

result using a simple production task, and Kuhnen and Tymula (2012) rely on a 

multiplication task. In real work environments, Azmat and Iriberri (2010) demonstrate the 

positive effect of private RPF in an educational setting with high school students, while 

Blanes i Vidal and Nossol (2011) study it in retail settings. Similarly, Song et al. (2018) 

shows the beneficial effect of posting performance charts with the actual names of the 

physicians who work in the same emergency department and highlighting the top-

performing physician each month during the monthly staff meeting. Other studies 
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document the productivity benefit of having a fast-working co-worker on the same shift 

whose superior performance is clearly visible, although those studies do not include formal 

RPF charts (Schultz et al. 1999, Mas and Moretti 2009, Tan and Netessine 2019). 

The main theoretical construct underlying RPF’s effectiveness is social comparison 

theory, which holds that individuals engage in social comparisons to assess personal 

abilities and to increase their self-image by outperforming others (Festinger 1954, Suls and 

Wheeler 2000). Social comparison theory states that people compete with comparable 

others to gain pride of success and to avoid the shame of failure (Smith 2000, Greenberg 

et al. 2007). Providing private RPF is one way to induce social comparisons among 

workers. Public RPF intensifies the performance lever of social comparison by making 

each individual’s performance identifiable and visible to everyone else in the work group. 

In Tafkov (2013) experiment, participants identify each other in an attempt to create a 

strong social circle in which everybody knows each other, and the experiment uses both 

public and private RPF under different financial compensation schemes. Tafkov (2013) 

finds that public RPF magnifies the feelings that drive social comparison among workers. 

Management recognition of employees for excellent performance on a specific 

outcome metric induces social comparison (Luthans 2000). Employee recognition includes 

non-financial awards, such as attention from upper management (Ashraf et al. 2014). 

Bradler et al. (2016) provides a thorough review of literature on employee recognition. 

Most relevant for our study, they find that providing scarce, bundled recognition —

operationalized as recognition for the top three performers— works better than providing 

exclusive recognition to the single best person or providing recognition to all workers. 
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They also show that scarce, bundled recognition is effective at motivating non-recipients 

of the recognition. Thus, public RPF highlighting the group of top performers can motivate 

workers via social comparison. 

Another construct pertinent for our study of RPF is social visibility, which entails 

making one’s competence visible to others in his/her social group. More formally, social 

visibility is defined as the position an individual occupies within a group as perceived by 

the other members of the group (Clifford 1963). RPF can highlight social visibility for top 

performers. Research shows that social visibility can induce social comparisons. For 

example, the field experiment by Ashraf et al. (2014) creates social visibility by pre-

announcing that they will interview a randomly selected top performer and publish the 

interview in the participant’s local community newspaper. They find that the opportunity 

for social visibility improves performance in the treatment group. 

Not all studies on RPF find positive results. It may be that the context in which RPF 

is implemented contributes to its success or failure. To illustrate, some scholars find a 

positive effect of providing private RPF (Azmat and Iriberri 2010, Murthy and Schafer 

2011, Kuhnen and Tymula 2012). However, there are limitations. Kuhnen and Tymula 

(2012) report that agents decrease output for the next period once they achieve a higher-

than-expected rank for the current period in a private RPF setting. Surprisingly, these 

participants expected a higher rank for the next period even though they reduced their 

output level. Even more extreme, Ashraf et al. (2014) finds that private RPF does not 

improve performance because social comparisons demoralize workers who perform 

poorly. Results are also mixed for public RPF, with some studies finding a positive effect 
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(Charness et al. 2013, Bradler et al. 2016), and others a negative effect (Edelman and 

Larkin 2014). 

There are hints about why RPF does not always work. First, full-scale rankings are 

not always provided; consequently, individuals cannot locate their exact position in the 

ranking distribution. Among such studies, Gerhards and Siemer (2016) and Gill et al. 

(2018) find a positive effect, whereas Ashraf et al. (2014) finds the opposite. Second, public 

RPF can intensify negative feelings, such as shame (Tafkov 2013). It can also spark 

destructive behaviors. For example, status-seeking workers artificially improve their own 

ranking by buying more output, paying to decrease peers’ relative ranks (Charness et al. 

2013), or exaggerating their self-reported performance (Moran and Schweitzer 2008, 

Edelman and Larkin 2014). Third, performance suffers when the frequency of the feedback 

is high (Gill et al. 2018). 

Another significant contextual difference between the studies is whether workers 

receive additional compensation based on their performance in the RPF scheme. 

Compensation for each completed unit of work financially incentivizes individuals to 

increase output, whereas fixed-pay compensation does not tie earnings to the individual’s 

productivity. Many studies on financially incentivized RPF find a positive effect of 

providing feedback (Blanes i Vidal and Nossol 2011, Murthy and Schafer 2011, Hannan 

et al. 2013, Tafkov 2013, Azmat and Iriberri 2016), while a few find no effect (Eriksson et 

al. 2009) or a decrease in performance (Bandiera et al. 2013). Researchers have also studied 

financially incentivized compensation in the form of a tournament where the winner takes 

all (Hannan et al. 2008, Eriksson et al. 2009, Blanes i Vidal and Nossol 2011, Bandiera et 
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al. 2013). Hannan et al. (2008)  illustrate a negative effect of private RPF, where individuals 

decrease output when they believe that they are unlikely to get the performance bonus. 

Eriksson et al. (2009) examine a different performance outcome and show that the quality 

of work suffers under public RPF with financial incentives. In practice, many firms do not 

use financial incentives with RPF, including industries such as retail (i.e., Costco) and 

healthcare Song et al. (2018). Thus, to provide lessons applicable to most corporate 

implementations of RPF, we create a setting with no financial incentives for RPF 

performance. 

In summary, research finds that both private and public RPF can produce better 

results under some but not all conditions. However, both schemes have negative side 

effects, with the public’s being stronger. The mixed results suggest that providing social 

comparisons via RPF is not a pure effect that is consistently beneficial. For this reason, we 

design our experiment to try isolate the pure effect of RPF. 

Motivation for a Hybrid RPF Scheme 

The impact of RPF varies with each worker’s specific rank. Consequently, RPF 

rank in one period will have a heterogeneous effect on different employees’ effort provision 

in the next period. For example, Kuziemko et al. (2014) shows that bottom-ranked 

individuals are motivated to improve due to “last place” aversion. An implication of their 

study is that an individual’s response to public RPF can change depending on her relative 

rank at any given point in time. Gill et al. (2018) continues the study of rank effects. They 

show that effort provision follows a U-shaped function where the worst (best) performers 
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maximize the effort to improve (maintain) their position after being ranked as last (first). 

Middle-ranked workers are least motivated by their ranking to put forth more effort in 

future rounds. Collectively, these studies show that ranking is more effective for improving 

the performance of the top and bottom-ranked workers than middle-ranked workers. 

Given that people in the middle ranks constitute the majority of the population in 

an organization, RPF’s failure to connect with most of the workers is a serious 

shortcoming. Furthermore, public RPF’s emphasis on status may lead some participants to 

search for ways to artificially improve their rank. Thus, limiting the number of people 

whose performance is publicly exposed might minimize the negative effects of providing 

public RPF. Bradler et al. (2016) suggests that providing scarce recognition to a limited 

number of workers would help motivate middle-ranked workers. They show that non-

recipients of the feedback improve more than the feedback recipients, leading to better 

performance among workers on average. This is an important conclusion because, as 

Bradler et al. (2016) note, non-recognized workers constitute the majority of the ranking 

distribution and therefore have a greater collective potential impact on organizational 

performance than recognized performers. These findings suggest that an RPF scheme that 

leverages the heterogeneous effect of rank combined with scarce employee recognition 

may motivate non-recognized workers. 

We design an RPF scheme to avoid demotivating middle-ranked workers by 

keeping the top and bottom of the distribution publicly visible to gain the benefits of RPF 

for top and bottom performers while conveying rank information privately to those in the 

middle. This way, we provide public RPF about the rank distribution sections where the 
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literature shows it to be effective at boosting effort while simultaneously limiting the 

majority’s exposure to public RPF to minimize the negative effects due to competition and 

feelings of shame. In this way, our hybrid RPF model should induce motivation for middle-

ranked workers while minimizing the temptation to find artificial ways to improve relative 

rank position. We provide scarce public recognition to induce further motivation for non-

recipients (e.g., middle-ranked workers) to get to the top or avoid the bottom. By providing 

limited public recognition, we are incentivizing middle-ranked workers to work harder to 

enjoy the public pride of success or to avoid the shame of failure. 

This reasoning leads us to design a novel type of RPF, which we call hybrid RPF. 

Hybrid RPF uses three instruments for inducing worker motivation: social comparisons, 

social visibility, and employee recognition. In our work, we provide social visibility by 

making social comparisons publicly available. We operationalize employee recognition by 

grouping people into three broad ranks: top, middle, and bottom. In hybrid, we manipulate 

the coverage of social visibility to keep public employee recognition exclusive to the tails 

of the ranking. This way, Hybrid RPF combines the features of public and private RPF and 

leverages the heterogeneous rank effect via the scarcity of employee recognition and 

limited social visibility to further motivate workers in all parts of the rank distribution. 

Thus, we propose the following hypotheses: 

HYPOTHESIS 1.  RPF improves the productivity of middle-ranked workers more 

than no RPF, on average. 

HYPOTHESIS 2. Hybrid RPF improves the productivity of middle-ranked 

workers more than public or private RPF, on average. 
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Methods 

Design and Procedure: We base our Internal Review Board-approved experimental 

design on similar studies on RPF (Kuhnen and Tymula 2012, Hannan et al. 2013, Gill et 

al. 2018). We have preregistration documents for our study available at 

https://aspredicted.org/blind.php?x=532gi4. 

In the preregistration documents, we a priori state our research questions, 

hypotheses, experimental conditions, data cleaning criteria, and plans for data analyses. In 

this section, we start by relaying the timeline of the events, then describe the participants 

and the main task. After that, we provide more detail on the experimental conditions. We 

end by defining dependent and control variables. 

Timeline: The first step in the experiment occurs when participants consent to 

participate in the study. After providing instructions, we randomize participants into one 

of four conditions: baseline -control and three treatments. We provide further explanation 

of the treatments in the conditions section. Next, participants complete a pre-experiment 

questionnaire which contains questions related to SCI. We describe these questions in the 

control variables section. Next, a tutorial round starts, including instructions on how to 

solve a knapsack problem, followed by a straightforward question that the participant 

solves. We describe the problem details in the task section below. If the participant fails to 

answer the question correctly, the system interface repeats the tutorial. After the participant 

completes the tutorial successfully, the participant answers a practice question. If she fails 

to successfully answer at least one question from the tutorial and practice rounds, the 

system terminates the participant’s session. After the practice round and a one-minute 
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break, the first round starts. The participant is given three minutes to solve six knapsack 

problems. After treatment, participants see RPF on their computer screen during a one-

minute break. Control participants just get a break. Participants next get a simple attention 

check to verify that they are paying attention to the instructions (Oppenheimer et al. 2009). 

Next, during a second round, all participants get another three minutes to solve six new 

knapsack problems. Finally, they answer a questionnaire that includes demographic and 

social comparison/involvement questions to measure potential post-experimental changes 

in their answers. As part of the questionnaire, treatment participants get an attention check 

to verify that they paid attention to the type of RPF they received. Once participants 

complete the questionnaire, the experimental session ends with a debriefing. session. 

Please refer to Appendix 1 sections A.1 to A.5 for the complete set of materials used during 

the study, instructions, tutorials, knapsack questions, and pre-and post-questionnaire. 

Figure 1 shows the flow of the events in an experimental session. 

Participants: We recruited participants from the Amazon Mechanical Turk (MTurk) 

subject pool, which has been used in a variety of behavioral studies (e.g., Berinsky et al. 

(2012)), including behavioral operations (e.g., Lee et al. (2018)). Between November 2019 

to November 2021, we conducted five experimental sessions using MTurk platform, 

enlisting a total of 226 participants. 

Participants who complete the experiment receive $1.50 for participation regardless 

of performance. To select potential participants, we use recruitment qualifications similar 

to those found in the literature (Song-Hee et al. 2020): located in the United States, a human 

intelligence task (HIT) approval rate of 99% or higher, and 100 or more HITs approved. 
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We remove participants based on predetermined exclusion criteria listed in the pre-

registration. We first drop 15 observations that came from the exact same location 

coordinates. We do this to reduce the likelihood of getting multiple observations from the 

same individual. Second, we drop 43 participants who fail to demonstrate sufficient 

comprehension of the experimental task. These are participants with no correct answers for 

the tutorial and practice rounds after repeating the tutorial phase. Third, we drop 7 

participants with no correct answers in the two rounds of testing. In total, we drop 65 

observations, leaving a total sample size of 161 observations. 

Task: Following Chen et al. (2019), we use knapsack problems as the main task. In 

a knapsack problem, the player’s objective is to maximize the total value of a set of 

individual items selected to be placed in a hypothetical knapsack without exceeding the 

knapsack’s total carrying capacity. Each item has a certain value and weight, and the total 

weight of the selected items must be less or equal to the total weight capacity of the 

knapsack. In each of the two rounds, participants can see all six questions on a single screen 

with a timer on top. They are free to skip questions and move to the next section of the 

Consent Randomization Pre-Experiment 
Survey Tutorial A

A Practice Round Round 1 Attention Check B

B RPF 
Treatment Round 2

Post-
Experiment 

Survey
Debrifing & 
Termination

Figure 1 Flow of the Experiment 
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experiment without answering all the questions. Figure 2 shows the tutorial question and a 

sample scored question. The correct answers are 2 for the former, and 57 for the latter. 

Tutorial Question  Sample Scored Question 

What is the maximum total value of the items 
that can fit in the bag?  
As your answer, please only write the total 
value of the set of items. 
 
Values= [2, 10] 
Weights= [3lb, 6lb]  
Capacity = [5] 
 

What is the maximum total value of the items 
that can fit in the bag?  
As your answer, please only write the total 
value of the set of items. 
 
Values= [5, 20, 15, 22] 
Weights= [12lb, 8lb, 24lb, 20lb] 
Capacity = [60] 
 

Figure 2 Sample Knapsack Questions  

Notes. Tutorial Question and a sample scored question are shown in Figure 2. Participants receive the 
Tutorial Question prior to proceeding to two scored rounds. 

We use knapsack problems for several reasons. First, they are relatively 

straightforward math problems, gender indifferent and solution difficulty can easily be 

controlled. Second, correctly solving knapsack problems requires both ability and effort 

from participants: a necessary condition for social comparisons (Kuhnen and Tymula 2012, 

Tafkov 2013). Third, unlike multiplication problems which participants can cheat by 

solving with a calculator, knapsack problems require thinking and are thus more cheat-

proof. Conditions: At the beginning of the experiment, MTurk randomly assigns 

participants to one of four experimental conditions: control group, private RPF, public RPF 

and hybrid RPF. Participants in the control condition do not get any feedback during the 

experiment. We use the control group as the baseline for all our analyses. Treatment 

participants are not explicitly told which condition they are in but are shown one of the 

three types of feedback between rounds 1 and 2. In the private RPF condition, each 

worker’s performance is shown in a ranked list of 40 people, but with code numbers (i.e., 
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082, 170) that disguise identities rather than people’s names. In public RPF, the same list 

of 40 participants is shown, but this time using names so that everyone knows each 

coworker’s performance. In hybrid RPF, the participant sees a feedback list that is a 

combination of the private and public RPF. The top and bottom of the list each consists of 

three names, whereas the rest of the list contains code numbers that represent the other 

individuals. 

Studies examining the link between RPF and effort provision find a u-shaped 

function where participants at the top and bottom of the performance comparison 

subsequently exert greater effort than participants in the middle of the ranking list (Gill et 

al. 2018, Tan and Netessine 2019). Thus, to avoid possible confounding of rank effect 

where the true rank of participants (e.g. a true high rank versus a true low rank) might cause 

different effort provision in subsequent rounds in response to the rank information 

(Kuziemko et al. 2014, Gill et al. 2018) rather than the type of RPF, we give every 

participant the same fictitious rank regardless of their actual performance. Furthermore, to 

avoid the boost that occurs with top rank and bottom rank, we (fictitiously) rank all the 

participants in the middle of the list (20th rank out of 40). Based on the literature, our 

approach should result in conservative estimates of treatment effects. We also use 

pseudonyms in the public feedback conditions to hold constant the impact of the names of 

the other participants. We generate names using a random name generator and include 

names associated with a variety of ethnicities and genders. Consequently, all participants 

see the same feedback table with the same fabricated names, code numbers or the 

combination of the two. In any performance table, focal participants see their scores labeled 
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as “YOU” highlighted and in bold. We keep the fabricated names and order of the ranks 

the same for the same conditions throughout all experiments except for the robustness 

check that shows the participant’s actual performance compared to prior participants’ 

results. Figure 3 shows the feedback tables for all three treatment conditions. 

Variables: Our dependent variable is the change in performance between the two 

rounds for each participant. For control variables, we follow Ryan W. Buell et al. (2016) 

and control for participants’ ability using 1st round scores. We include a variety of 

demographic variables, including categorical variables for age (18 to 22 years old, 22 to 

26, 26 to 30, 30 to 40, 40 to 50, older than 50), ethnicity (white, Asian, black, other), level 

of education (pre-high school, some college but no degree, college degree, graduate 

student, graduate degree), and binary variables for gender (1=male, 0 otherwise) and 

English as the native language (1=English, 0=otherwise). We collect the demographic data 

during the post-experiment questionnaire to make sure we don’t inadvertently trigger 

performance differences due to race or gender identity (Shih et al. 1999). Following Tafkov 

(2013), we measure SCI before treatment to gauge participants’ inclination to engage in 

social comparisons. We also ask the same SCI questions in the post-experiment 

questionnaire. Participants use a seven-point Likert scale to answer questions about rank 

thinking, rank nervousness and rank inference. Rank thinking represents participants’ 

assessments of how often they think about their performance compared with those of other 

people. Rank nervousness represents participants’ assessments of how nervous or 

concerned they are about how well they perform on tasks relative to the other people. Rank 

interference represents participants’ assessments of the extent to which thinking about how 
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their performance compares with other people’s performance interferes with their ability 

to concentrate on their tasks (Tafkov 2013). Factor analyses reveals that two items; rank 

thinking and rank nervousness possess a high level of internal consistency (Cronbach’s 

alpha = 0.84) We averaged these two to create a composite measure of each participant’s 

SCI. We measure participants’ feelings about their performance using (Tafkov 2013) 

method where we ask participants their general feelings about their performance post-ante, 

where shame is on the low end of the scale and pride is on the high end of the scale. Please 

see Table 1 for the SCI and feelings of pride questions. Refer to the Post-Experiment 

Questionnaire in Appendix A.5 for further details.  
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Table 1 SCI and Feeling of Pride Questions 

Construct Survey Items 
Rank Thinking How often did you think about how your performance compared with those 

of the other participants? 
Rank 
Nervousness  

I was concerned about how well I was performing relative to the other 
participants.  

Rank 
Interference  

Knowing that my performance was going to be compared to that of the other 
participants interfered with my ability to concentrate on the problems? 

Feelings of 
Pride  

How did you feel about your general performance during the experiment?  

 
Results 

Descriptive Statistics  

Table 2 below and Table A.1 in Appendix A.6 report descriptive statistics for each 

treatment’s task-related and demographic variables. The number of respondents in each of 

the treatment conditions is balanced with respect to the control group. The sample contains 

161 participants: 38 in control, 39 in Private RPF condition, 39 in Public RPF control, and 

45 in the Hybrid RPF condition. One-way analysis of variance shows no statistically 

significant difference between groups for the 1st round scores or for completion times for 

the 1st and 2nd rounds. 

As noted in Table 2, on average, participants take 5.2 min to complete each round, 

correctly answering 3.1 out of 6 questions in the 1st round and 4.1 out of 6 in the 2nd round. 

As noted in Table A.1 in section A.6, among the 161 participants, 35% are female, 71% 

are white, 16% are 18 to 26 years old; 14%, 26 to 30; 44%, 30 to 40; 17%, 40 to 50; and 

9%, 50 or over. Furthermore, 8% of the participants have a high school education or less, 
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32% have some college, but no degree, 42% have a bachelor’s degree, and 17% have a 

graduate degree or have been a graduate student. 

Table 2 Descriptive Statistics 

 

Item 
1st 
Round 
Score 

2nd 
Round 
Score 

Total 
Score 

1st 
Round 
Time 

2nd 
Round 
Time 

Total 
Round 
Time 

Overall 
Experiment 
Time 

No Feedback         
N =38 µ 3.4 4.6 8 2.9 2.4 5.3 16.2  

σ 1.5 1.6 2.8 0.5 0.5 0.9 5.8  
Min 0 0 1 1.4 1 2.4 7.9  
Max 6 6 12 5.4 3 8.3 33.1 

Private  RPF         
N =39 µ 2.9 3.7 6.6 2.8 2.5 5.3 16.8 
 σ 1.7 2 3.2 0.3 0.5 0.8 5.2 
 Min 0 0 1 1.7 1.4 3.2 6.9 
 Max 6 6 12 3 3 6 30.2 
Public RPF         
N =39 µ 2.8 4.3 7.1 2.7 2.4 5.2 15.3  

σ 2.1 1.6 3.3 0.4 0.6 0.9 3.8  
Min 0 1 1 1.5 1.1 2.8 8.1  
Max 6 6 12 3 3 6 29 

Hybrid RPF         
N =45 µ 3.4 3.8 7.2 2.8 2.4 5.2 20.4  

σ 2 1.6 3.2 0.3 0.6 0.8 15.9  
Min 0 1 1 1.4 1.1 3 8.6  
Max 6 6 12 3 3 6 113.3 

Total         
N =161 µ 3.1 4.1 7.2 2.8 2.4 5.2 17.3  

σ 1.9 1.7 3.2 0.4 0.6 0.8 9.6  
Min 0 0 1 1.4 1 2.4 6.9  
Max 6 6 12 5.4 3 8.3 113.3 

Notes. µ shows the mean, σ shows the standard deviation associated with each item for different 
treatment conditions. Last column shows the descriptive statistics for all participants 

Effect of RPF on Total Performance 

We follow Ryan W. Buell et al. (2016) and model the total performance as a linear 

function of each treatment condition with robust standard errors while controlling for the 

1st round and demographic factors. 
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First, Equation 1-1 shows how we model the effect on total performance of 

providing any type of RPF compared to the control condition of no feedback. For this 

regression, we create a binary variable, RPFi  that equals 1 if participant i gets any one of 

the three types of feedback in between rounds and zero otherwise. 

 Y(𝑇𝑜𝑡𝑎𝑙	𝑃𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒!) = 	𝑎" + 𝑎#𝑅𝑃𝐹! + 𝛾#𝑋! + 𝜀#!; (1-1) 

where Xi symbolizes the controls for gender, age, ethnicity, education, and 1st round score 

for each worker i. 

Equation 1-2 shows our regression using binary variables for each of the three types 

of feedback to measure the effects of the three different RPF treatments on total 

performance. 

Y(𝑇𝑜𝑡𝑎𝑙	𝑃𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒!) = 	𝑏" + 𝑏#𝑃𝑟𝑖𝑣𝑎𝑡𝑒! + 𝑏$𝑃𝑢𝑏𝑙𝑖𝑐!+𝑏%𝐻𝑦𝑏𝑟𝑖𝑑! + 𝛾$𝑋!	 + 𝜀$!; (1-2) 

where Xi is the same set of controls as Equation 1. Table 3 shows the main results 

of RPF on performance. Surprisingly, and contrary to our hypothesized relationship, model 

1 shows that providing any type of RPF marginally decreases the total score by 0.48 (p < 

0.1) questions compared to the baseline group after controlling for the 1st round scores. In 

model 2, where we include the demographic controls, providing any type of RPF 

significantly decreases the total score of workers by 0.57 questions (p<0.01) compared to 

the baseline group. Thus, we find no support for Hypothesis 1 because the relationship is 

opposite of what we surmised. In models 3 and 4, we show the effect of each type of RPF 

on the total score. Model 3 indicates that compared to the baseline group, Private, Public 

RPF, and Hybrid RPF are associated with a 0.6 (p<0.1), 0.01 (coefficient not significant), 

and 0.76 (p<0.05) point decrease in total score, respectively. Model 4 adds the control 
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variables. Opposite of our hypothesized relationship that hybrid would yield better results 

than private and public RPF, we find that hybrid RPF has the worst performance among 

the three types of RPF. Compared to baseline, hybrid is associated with a performance 

decrease of 0.87 questions (p < 0.001) versus a decrease of 0.67 (p < 0.05) for private and 

0.11 (coefficient not significant) for public. Post-regression tests show that there is not a 

statistically significant difference between private and hybrid RPF. Thus, we find no 

support for H2. Full results with all control variables are shown in Appendix A.7, Table 

A.2. 

SCI and Feeling of Shame as Mediators of the effect of RPF on Performance 

We conduct mediation analyses to test two independent variables that might explain our 

results: SCI and participants’ feelings about their general performance. First, prior research 

shows that providing RPF affects participants’ SCI, which in turn increases their 

performance (Hannan et al. 2013, Tafkov 2013). However, we find that providing feedback 

is negatively associated with performance compared to the no-feedback case for middle-

ranked workers. Thus, we test a potential causal mechanism in which changes in 

performance can be explained by changes in SCI. In addition to that, we also consider the 

impact of another potential mediating variable, feeling of shame—an emotion that can be 

triggered by RPF. (Tafkov 2013) shows that providing feedback changes participants’ 

feelings about their performance, however that study does not establish a causal 

relationship in which worker’s emotional changes might affect the performance. Another 

relevant study finds that the emotional load from customer interactions increases the time 

agents wait  before responding  to customer  requests (Altman et al. 2020).  Another study   
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Table 3 Effect of RPF on Total Performance 

VARIABLES 
(1) 
Total 
Performance 

(2) 
Total 
Performance 

(3)  
Total 
Performance 

(4)  
Total 
Performance 

RPF -0.487ˆ -0.572**   

 (0.261) (0.242)   

Private RPF   -0.628ˆ -0.676** 

   (0.354) (0.329) 

Public RPF   -0.0107 -0.118 

   (0.310) (0.298) 

Hybrid RPF   -0.763*** -0.869*** 

   (0.289) (0.280) 

1st Round Score 1.507*** 1.469*** 1.521*** 1.481*** 

 (0.0587) (0.0689) (0.0558) (0.0653) 

Constant 2.885***  2.116*** 2.837*** 2.102*** 

 (0.322) (0.570) (0.317) (0.556) 

Observations 161 161 161 161 

Adjusted R-squared 0.794 0.802 0.799 0.807 

Controls NO YES NO YES 

F test model 340.9 57.89 210.4 62.25 

Notes. Robust standard errors in parentheses Controls include gender, age, ethnicity, and education 
dummies. ˆ, **, and *** denote significance at the 10%, 5%, and 1% levels, respectively. 
 

that finds a link between emotions and deteriorating worker performance is Chadi et al. 

(2017), which shows that if workers think their labor is meaningless, their subsequent work 
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effort decreases. These studies on emotions and performance lead us to test the causal effect 

of participants’ feelings about their general performance on their total score. 

We conducted the mediation analysis using the product-of-coefficients method in 

(Preacher and Hayes 2008) and (Hayes 2013). As they recommend, we estimate a structural 

equation model rather than the traditional way of Baron and Kenny (1986) due to 

shortcomings of the former method. The structural equation model is used in many 

experimental papers to estimate causal paths (Ryan W Buell and Norton 2011, Ryan W. 

Buell et al. 2016). We follow previous literature to test the causal pathways using the 

survey items administered at the end of the experiment (Tafkov 2013, Ryan W. Buell et al. 

2016). We include RPF treatment as an independent variable, participants’ total score as 

the outcome variable, and SCI and feelings of pride as our two mediators. As sampling 

distributions of indirect effects approximate normality with large sample sizes (i.e., n ≥ 

300), we estimate the indirect effects for both mediators using bias-corrected bootstrapping 

with 5,000 iterations (Hayes and Scharkow 2013). 

Figure 4 summarizes the results of the mediation analyses, with coefficients listed 

and standardized coefficients shown in parentheses. RPF is positively associated with SCI 

(β = 0.54,p < 0.05), which in turn is negatively associated with total performance (β = 

−0.55,p < 0.05). RPF is negatively associated with feelings of pride about the general 

performance (β =−0.55,p<0.01), which in turn is positively associated with total 

performance (β =0.55,p<0.05). 
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Figure 4 Mediation Analyses for Binary RPF Treatment: Indirect Effects of SCI and Feelings 

of Pride 

Notes. RPF is a binary independent variable equal to 1 for participants who get any of the three separate 
treatment conditions. Standardized Coefficients are displayed in parentheses. Getting any type of 
feedback in between rounds is compared with the baseline condition, during which participants get no 
feedback. ˆ, **, and *** denote significance at the 10%, 5%, and 1% levels, respectively. 

Table 4 shows the results of the bootstrapping. The indirect effect of RPF via SCI 

on total performance is negative and statistically significant (β =−.295, 95% CI [-0.768, -

0.46]). The indirect effect of RPF via feelings of pride is statistically significant and 

negatively associated with workers’ total performance. (β = −0.303, 95% CI [-0.766, -

0.041]). The total indirect effect of RPF via the two mediators is significant and negatively 

associated with total performance (β =−.598 with 95% CI [-1.095, -0.212]). While the 

direct effect of RPF on total score becomes not significant (β =−.37, NS). Thus, we 

conclude that the feelings of pride about general performance and SCI fully mediate RPF’s 

effect on total performance.  
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Table 4 Mediation Analyses for RPF, with Bootstrapped Indirect Effects of SCI and Feelings 

of Pride of Total Performance 

Indirect 
Effect 

Observed 
Coefficient 

Bootstrap 
SE z P> z Normal-based [95% 

Confidence Interval] 

Feelings of Pride -.303 .181 -1.67 0.095 -.659 .053 
SCI -.295 .178 -1.66 0.096 -.644 .053 
Total Indirect Effect -.598 .223 -2.68 0.007 -1.036 -.161 

Indirect 
Effect 

Observed 
Coefficient Bias Bootstrap 

SE  Normal-based [95% 
Confidence Interval] 

Feelings of Pride -.303 -.005 .181  -.723 -.028 (P) 
     -.766 -.041 (BC) 
SCI -.295 -.006 .178  -.719 -.021 (P) 
     -.768 -.046 (BC) 

Total Indirect Effect -.598 -.011 .223  -1.094 -.212 (P) 
     -1.095 -.212 (BC) 

Notes. RPF equals to 1 for any treatment conditions and 0 for the control condition. Indirect effects are 
Bootstrapped 5000 times. N = 161 (P) shows percentile confidence interval, (BC) shows bias-corrected 
confidence interval.  

We repeat the mediation analyses with the different types of RPF. We summarize 

the results in Figure 5. First, we look at the effect of SCI as a mediator. Private RPF is 

marginally positively associated with SCI (β=0.48, p<0.1). Public RPF is not significantly 

associated with SCI (β=0.34, NS). Hybrid RPF is significant and associated with an 

increase in SCI (β=0.74, p<0.05). SCI is significantly negatively associated with total 

performance (β=-0.57, p<0.05). We follow the same procedure to calculate indirect effects 

using bias-corrected bootstrapping with 5000 iterations. The indirect effects of private (β=-

0.28) and public RPF (β=-0.19) are not statistically significant. On the other hand, the 

indirect effect of hybrid RPF via SCI (β=-0.43, 95% CI [-1.04, -0.09]) is statistically 
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negatively associated with total performance. 

 

Figure 5 Mediation Analyses for Individual Treatment Conditions 

Notes. Solid lines show significant effects, dashed lines show not-significant effects. Standardized 
coefficients are in parentheses. ˆ, **, and *** denote significance at the 10%, 5%, and 1% levels, 
respectively. 
 
For the mediator effect of feelings of pride, private RPF (β= -0.50, p<0.1) and public 

RPF (β=-0.47, p<0.1) are both marginally negatively associated with this feeling. Hybrid 

RPF is the only treatment significantly negatively associated with feelings of pride (β=-

0.65, p<0.05). Feelings of pride about general performance is marginally positively 

associated with total performance (β=0.57, p<0.1). Table 5  shows the bootstrapped 

indirect effects for separate treatments. Note that, aligned with previous analyses, we 

continue to refer to bias-corrected confidence intervals to infer results. The indirect 

effects of all three treatments via decreased feelings of pride significantly the 

participants’ total performance compared to the control group. 
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Specifically, the indirect effects of private, public and hybrid are associated with a 

-0.286 (95% CI= [-.809, -.024]), -0.268 (95% CI =[-.802, -.015]), and -0.369 (95% CI= [-

0.956, -0.058]) point reduction in total score, respectively. The direct effect of private (β=-

0.80, NS), public (β=-0.36, NS), and hybrid (β=0.04, NS) RPF treatments on total score 

while controlling for feelings of pride are not significant. Thus, we conclude that feelings 

of pride fully mediate the effect of separate RPF treatments on total performance. On the 

other hand, SCI only fully mediates the effect of hybrid RPF because the indirect effect of 

private and public RPF are not statistically significant. When we look at the total indirect 

effect coming through both mediators, the total indirect effect of private (-0.563 with 95% 

CI= [-1.095, -.155]), public (-0.461 with 95% CI= [-1.053, -0.044]), and hybrid (-0.795 

with 95% CI= [-1.472, -.314]) RPF are all negatively associated with total performance. 

The model exhibits good-fit, with a high comparative fit index (CFI) (1) and a low root 

mean squared error of approximation (RMSEA) (0.001, p<0.01).  
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Table 5 Mediation Analyses with Bootstrapped Indirect Effects of SCI and Feelings of Pride 

for each Individual Treatments 

Indirect 
Effect  Observed 

Coefficient 
Bootstrap 

SE z P>z 
Normal-based 

[95% Confidence 
Interval] 

        
Feelings via Private -.286 .191 -1.50 0.134 -.660 .088  
Feelings via Public -.268 .191 -1.40 0.161 -.642 .106  
Feelings via Hybrid -.369 .220 -1.68 0.093 -.801 .062  
SCI via Private -.277 .206 -1.34 0.179 -.682 .127  
SCI via Public -.193 .193 -1.00 0.315 -.571 .184  
SCI via Hybrid -.426 .230 -1.85 0.065 -.877 .026  
Total Private -.563 .242 -2.33 0.020 -1.037 -.089  
Total Public -.461 .252 -1.83 0.068 -.956 .033  
Total Hybrid -.795 .294 -2.70 0.007 -1.371 -.219  
Total Indirect Effect 
 
 

-1.819 .678 -2.68 0.007 -3.148 -.490  

Indirect Effect Observed 
Coefficient Bias Bootstrap 

SE  
Normal-based 

[95% Confidence 
Interval] 

Feelings via Private -.286 -.007 .191  -.743 
-.809 

-.004 
-.024 

(P) 
(BC) 

Feelings via Public -.268 -.006 .191  -.724 
-.802 

.005 
-.015 

(P) 
(BC) 

Feelings via Hybrid -.369 -.006 .220  -.880 
-.956 

-.036 
-.058 

(P) 
(BC) 

SCI via Private -.277 -.008 .206  -.753 
-.824 

0.30 
.006 

(P) 
(BC) 

SCI via Public -.194 .001 .192  -.640 
-.712 

.139 

.092 
(P) 
(BC) 

SCI via Hybrid -.426 -.003 .230  -.970 
-1.039 

-.063 
-.090 

(P) 
(BC) 

Total Private -.563 -.015 .242  -1.090 
-1.095 

-.150 
-.155 

(P) 
(BC) 

Total Public -.461 -.005 .252  -1.0128 
-1.053 

-.0184 
-.044 

(P) 
(BC) 

Total Hybrid -.795 -.010 .294  -1.437 
-1.472 

-.302 
-.314 

(P) 
(BC) 

Overall Indirect Effect -1.819 -.029 .678  -3.310 
-3.366 

-.678 
-.709 

(P) 
(BC) 

Notes. Individual treatments are Private RPF, Public RPF, and Hybrid RPF. Indirect effects of SCI and 
Feelings of Pride are bootstrapped 5000 times. N = 161 (P) shows percentile confidence interval, (BC) 
For shows bias-corrected confidence interval. 
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Robustness Checks  

We conduct a number of additional analyses to examine the robustness of our 

findings. First, we test that our main results hold if we provide accurate performance 

feedback. Second, we test that our mediators are robust to temporal differences. Finally, 

we test the main findings using an alternative specification. 

Does Fictitious Feedback Drive the Results? 

We intentionally make a design choice to provide fictitious feedback that shows 

participants in the middle of the ranking list regardless of their actual performance. This 

design choice creates an alternative explanation that the mismatch between actual and 

shown performance drives our results. For example, participants might be discouraged if 

told they performed average when they correctly sense that they actually performed better 

than average on the knapsack problems. Similarly, participants who actually performed 

poorly but nonetheless receive feedback that they are average might be unmotivated to 

improve in the second round. To counter this explanation, we run a second online 

experiment that provides participants with true feedback on their performance. Note that 

participants will have one of seven possible scores at the end of the first round: zero to six 

questions answered correctly. We use participants’ performance from our first experiment 

to calculate the percentages for each performance category in the accurate feedback RPF 

screens. We display the same rank value for all participants in a given performance 

category. The RPF screens based on actual performance are shown in Figure 6. 
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For the accurate feedback experiment, 312 MTurk participants consented to 

participate. We followed the pre-registration data cleaning procedure, which resulted in 

124 participants being terminated prior to the main task because they failed to show 

sufficient comprehension. The remaining participants (n=188) were randomly assigned to 

either the control or Hybrid RPF condition. We remove observations that come from the 

exact same GPS coordinates (n=110) or who fail to score in either round (n=21). This 

leaves us with 57 observations in the accurate feedback experiment. 

We add the data from the accurate feedback experiment to our dataset and create a 

new variable, Accurate Feedback, that equals one if the participant receives accurate 

feedback and zero otherwise.  

The merged data set has 161 observations from the fictitious-rank experiment and 

57 observations from the accurate feedback experiment. Table 6s shows the number of 

observations for each treatment group in the merged data set after the data cleaning.  

Table 6 Number of Observations for each treatment group in the merged data set 

Treatment Fictitious Accurate Total 

Private RPF 39 0 39 
Public RPF 39 0 39 
Hybrid RPF 45 26 71 
Total 161 57 218 

Notes. Merged data created by combining the Fictitious (Main Study) And Accurate Feedback 
Experiments. Each cell shows the number of observations after the data cleaning. 
 

The merged dataset is unbalanced as we only test the Hybrid RPF condition relative to 

baseline in the accurate feedback experiment. For a more balanced view, we provide an 
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analysis using observations belonging to the Hybrid and baseline conditions while 

controlling for feedback accuracy. 

We re-run our primary analyses using the merged dataset, controlling for feedback 

accuracy. Table 7 shows the effect of providing RPF controlling for feedback accuracy and 

other factors accounted for in the main study. Columns (1) and (2) show the effect of RPF 

on the total score using the merged data after controlling for feedback accuracy with and 

without controls. First, Hybrid RPF continues to be negatively associated with total score 

after controlling for feedback accuracy (βHybrid = -0.556, p<0.01) Including control 

variables does not change the coefficient of interest. Feedback accuracy does not 

significantly affect the total scores. This shows that there is no significant difference among 

participants who got accurate or fictitious feedback in Hybrid RPF condition.  

Columns (3) and (4) include data belonging only to Hybrid RPF and baseline- no feedback 

provide a more balanced view. Removing observations coming from Private and Public 

RPF conditions left us with 140 out of 71 observations belonging to Hybrid RPF condition. 

Results show that the coefficient of interest does not contradict with the main specification 

and is in similar directions with the other specifications in Table 3. 

Does Temporal Differences between the Feedback Treatment and Feeling Measure 

confound the Mediation? 

Following the experimental structure in the literature (Hannan et al. 2013, Tafkov 

2013), we provide our feedback between two rounds and measure the feeling of pride or 

shame about the general performance at the end of the second round of knapsack problems. 
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Table 7 Main Effect of Treatment on Total Performance for the Merged Data Coming From 

Fictitious and Accurate Feedback Experiments 

VARIABLES 
(1) 
Total  
Performance 

(2) 
Total  
Performance 

(3) 
Total 
Performance 

(4) 
Total 
Performance 

Private RPF -0.524 -0.535ˆ - - 
 (0.336) (0.320)   
Public RPF 0.092 0.032 - - 
 (0.290) (0.289)   
Hybrid RPF -0.556** -0.566** -0.557** -0.574** 
 (0.226) (0.226) (0.227) (0.231) 
1st Round 
Score 1.506*** 1.484*** 1.503*** 1.501*** 

 (0.048) (0.053) (0.058) (0.063) 
Accurate 
Feedback -0.093 -0.045 -0.094 -0.026 

 (0.229) (0.230) (0.229) (0.232) 
Constant 2.776*** 1.995*** 2.787*** 1.995*** 
 (0.273) (0.514) (0.305) (0.529) 
Observations 218 218 140 140 
Adjusted 
R-squared 0.804 0.807 0.817 0.827 

Controls NO YES NO YES 
F-Test Model 221.2 77.1 263.0 73.5 
Notes. Data compiled by merging the fictitious and accurate feedback experiment data. Robust standard 
errors in parentheses. Controls include gender, age, ethnicity, and education dummies. ˆ, **, and *** 
denote significance at the 10%, 5%, and 1% levels, respectively. 
 

The temporal difference between the treatment time and the feelings measurement makes 

it possible that other factors during the 2nd round of problems may confound the mediator 

effect of feelings of pride. We run another online experiment to test the alternative 

explanation.  

For this, we ran a separate experiment based on the procedures described in the 

main study. The only difference is that the new study does not have the 2nd round. 
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Immediately after getting the RPF screen, participants respond to the questions about SCI 

and feelings of pride about their performance. 

For this experiment, we recruited 80 participants on the MTurk platform. As with 

the main study, participants get paid the flat $1,5 fee for their participation regardless of 

their performance. Following the pre-registered data cleaning procedure, 30 participants 

were disqualified for failing the tutorial phase twice, 6 were excluded because they did not 

have a unique geographic coordinate, and another two observations got dropped for failing 

to submit a correct response during the experiment. The final sample contains 72 

observations: 18 in control, 14 in Private RPF condition, 19 in Public RPF control, and 21 

in the Hybrid RPF condition. 

Similar to the main study, we estimate the indirect effects using bias-corrected 

bootstrapping with 5,000 iterations. The indirect effect of RPF via feelings of pride is 

negatively associated with total performance. (b=-0.43**, 95% CI [-.93 -.03]). The direct 

effect of RPF on total score while controlling for the feeling of pride is not significant 

(b=.56, NS). Thus, we conclude that the feelings of pride about general performance fully 

mediate the effect of RPF on total performance. 

This study shows that temporal differences do not change the mediator effect of 

feelings of pride about general performance. In both the main study and this experiment, 

getting feedback that the focal employees’ performance is mediocre increases feelings of 

shame which explains the performance reduction in the second round. 
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Specification Checks for the Main Results 

Angrist and Pischke (2008) recommend using an OLS specification when possible because 

it is flexible and provides a straightforward interpretation. Nonetheless, we could use a 

Poisson specification because our outcome variable, total performance, is a count. The 

Poisson specification fits our data because our data shows no over dispersion and the 

goodness of fit test is not statistically significant.  

In Table 8, Column (2) for any kind of RPF and column (4) for Hybrid RPF 

continue to be statistically significant and negatively associated with overall performance. 

Column (2) shows that compared to no RPF, the expected log count for the total score 

decreases by about 0.11 after accounting for the control variables. Likewise, Column (4) 

shows that compared to no RPF, Hybrid RPF is associated with a 0.161 reduction in total 

expected log counts of the overall performance. These results confirm that our main 

findings are robust to model specification. 

Discussion and Conclusions 

In this study, we conduct a series of experiments to investigate the effect on 

productivity of providing various types of RPF to middle-ranked workers. First, we find 

that all three types of RPF have a negative effect on the performance of middle-ranked 

workers. Furthermore, we show that the decrease in performance is partly due to the 

negative impact of SCI. More specifically, through mediation analyses, we see that RPF 

increases SCI, but increased SCI negatively affects the performance of middle-ranked 

workers.  
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Table 8 Poisson Specification, the Main Effect of Treatment on Total Performance 

VARIABLES 
(1) 
Total 
Performance 

(2) 
Total 
Performance 

(3) 
Total 
Performance 

(4) 
Total 
Performance 

RPF -0.0930** -0.112***   
 (0.037) (0.036)   
Private RPF   -0.0963ˆ -0.0999** 
   (0.053) (0.050) 
Public RPF   -0.038 -0.064 
   (0.045) (0.045) 
Hybrid RPF   -0.135*** -0.161*** 
   (0.042) (0.041) 
1st Round Score 0.219*** 0.218*** 0.221*** 0.220*** 
 (0.012) (0.013) (0.012) (0.013) 
Constant 1.282*** 1.137*** 1.276*** 1.135*** 
 (0.060) (0.099) (0.060) (0.098) 
Observations 161 161 161 161 
Controls NO YES NO YES 
Notes. Controls include gender, age, ethnicity, and education dummies Robust standard errors in 
parentheses. ˆ, **, and *** denote significance at the 10%, 5%, and 1% levels, respectively. 

Tafkov (2013) and Hannan et al. (2013) also find that providing RPF increases SCI, 

which validates that our RPF intervention worked. However, their study finds that on 

average, SCI improves performance when they use a simple task and provide actual 

performance. We, however, use a task that requires both skill and effort. Another difference 

is that we focus on the effect of treatment on middle-ranked workers using fictitious ranks. 

Our results imply that making individuals care more about social comparisons does not 

result in performance gains for middle-ranked workers executing a skill-based task. Our 

study finds that the negative impact of RPF also stems from middle-ranked workers’ 

decreased feelings of pride about their performance. Middle-ranked workers in all three 
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RPF treatment conditions feel less proud of their performance compared to the baseline 

condition of no feedback. The emotional load coming from RPF-induced feelings of shame 

significantly reduces performance. Thus, our study finds that providing RPF of any type 

without additional information to enable middle-ranked workers to get better at their skill-

based tasks hurts performance rather than helps due to a negative emotional response.  

We also compare the three types of RPF and find that hybrid has a negative impact 

compared to private and public RPF. Hybrid RPF is the only treatment condition that 

significantly improves SCI, which supports our prediction that hybrid has a different effect 

than the other RPF types. However, increased SCI results in a performance reduction for 

middle-ranked workers. Thus, our mediation analysis finds that only hybrid RPF 

significantly reduces performance through SCI. Thus, we see that middle-ranked workers’ 

emotions are most affected by hybrid RPF, which provides public recognition to the top 

and bottom-ranked workers, versus other RPF types where everyone is publicly or privately 

recognized. It may be that workers find it the most demotivating to be “namelessly” 

average if higher-performing peers are named. 

Our paper makes several contributions to behavioral operations, with a focus on 

non-financial levers to improve worker performance. First, we compare full-scale ranking 

regimes, including our novel Hybrid RPF, in an experimental setting. This is in contrast to 

prior studies that use field experiments and secondary data to investigate RPF’s effect on 

performance. A limitation of prior studies is that they cannot always disentangle the effect 

of RPF from other factors, such as the sharing of best practices (e.g.,(Song et al. 2018). We 

show that providing RPF on a skill-based task in the absence of best practice sharing and 
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learning opportunities does not improve the performance of middle-ranked workers. Our 

results suggest that the positive results in Song et al. (2018) may stem from best practice 

sharing and tip adoption rather than from public RPF. 

Our second contribution is explaining conflicting results of RPF on worker 

productivity. The mixed results suggest that RPF results may be impacted by contextual 

factors, such as financial incentives and existing social ties. Our experimental, focused 

design allows us to avoid these confounding contextual factors. For example, Ashraf et al. 

(2014) and Gill et al. (2018) rely on social circles and long-term reputational effects. 

Tafkov (2013) has the closest design to ours, but we recruit from a larger and more diverse 

participant pool, thus avoiding participants’ social circles, which allows us to separate the 

pure effect of providing social comparison from the effect of exposing individuals to their 

social circles (i.e., the home community, coworkers, or classmates). Also, none of the 

previous studies took place online where participants have outside options (i.e., browsing 

the internet) while performing the experiment. The lack of financial incentives tied to RPF 

performance, and the existence of outside options makes our design similar to many work 

environments. Our results show that when isolated from confounding constructs, the net 

effect of RPF may be negative for the bulk of the workforce. 

Our third contribution is explicitly studying the effect of RPF on middle-ranked 

employees. Scant studies investigate the impact of feedback on this important subset of the 

workforce. For example, Kuziemko et al. (2014) find that bottom-ranked workers exert 

greater effort to avoid the shame of being last. Gill et al. (2018) find that participants’ 

response to RPF varies with the achieved rank, and participants work hardest after being 
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ranked last or first. However, to our knowledge, few studies thoroughly study the middle 

rank. Our finding advances the work of Gill et al. (2018) such that rank effects are 

minimized for those far from the top or bottom rankings. In contrast, we find that RPF is 

harmful to those in the middle.  

Fourthly, we identify and examine mechanisms that explain why RPF has a 

negative impact on middle-ranked workers’ performance. In line with the findings of 

Tafkov (2013) and Hannan et al. (2013), we show that providing RPF increases SCI. 

However, in contrast to their results, increased SCI does not lead to immediate performance 

improvement in our setting. We show that middle ranked workers’ performance 

deteriorates because their SCI increases which, in combination with mediocre performance 

and a lack of understanding of how to improve, is demotivating. We also identify a second 

mechanism, feelings of pride about the work, that explains our results. We add to the work 

of Tafkov (2013) and Hannan et al. (2013) by documenting the causal effect of negative 

emotions that stem from receiving mediocre RPF. We show that emotions of shame about 

their performance have a direct negative effect on middle-ranked workers. 

Finally, we contribute to studies that investigate the non-financial incentive of 

limited public recognition. We incorporate the finding of Gill et al. (2018) and Bradler et 

al. (2016) that public recognition of a small number of top and bottom performers affect 

all workers’ performance. Aligned with Bradler et al. (2016), we find that scarce feedback 

makes significant differences in performance compared to the control group. However, in 

contrast to their findings, feedback with limited recognition does not lead to performance 

improvement for non-recipients of public recognition. 
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Our results contribute to practice by showing that providing feedback without 

coaching, tips, or tools that help workers improve their skills decreases middle-ranked 

workers’ performance on skill-based tasks. The common practice of public posting of 

performance ranking lists in workplaces (i.e., Costco’s top cashier lists) likely demotivates 

middle-ranked employees. Our study is especially relevant for organizations with many 

newly hired employees, such as teaching hospitals in July when an influx of new residents 

arrives. The evidence from our study suggests that providing ranked feedback hurts the 

motivation of mid-ranked newcomers because providing feedback that one is average hurts 

employees’ feelings, which in turn drives the negative effect. Framing feedback so that it 

does not hurt employees’ feelings may achieve a positive performance effect. For instance, 

feedback that not only provides numerical information about rank but also recognizes the 

worker’s improvement over time might help them continue improving. In summary, we 

find that productivity strategies that decrease middle-of-the-pack workers’ pride in their 

work negatively affect productivity in the short term. Future research could examine the 

longer-term effects of RPF programs, such as improvement trajectories, absenteeism, and 

turnover. Overall, the practical implications of our study suggest that RPF should be 

implemented with caution. Additional stress put on middle-ranked workers through 

unflattering social comparison and decreased feelings of pride may harm rather than help 

organizations’ efforts to improve performance, especially since the bulk of the workforce 

will, by definition, be middle-ranked. 

We recognize that our work has several limitations. Most stem from our design 

choice to isolate the pure effect of RPF. We intentionally choose workers who do not share 
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a common background and who are not part of a social circle. Our results may change 

when they are confounded with behavioral factors that arise from social connections and 

long-term relations. However, we feel that it is helpful for theory to identify the pure effect 

of RPF in isolation from social connections, financial incentives, and rank effects. Another 

limitation is that we provide one-time feedback; thus, the long-term effects are still 

unknown. Longer-term effects might be better studied with a field experiment in an 

organization over time. Finally, our results apply to a relatively complex task where manual 

exertion may not be enough to increase performance. Results may differ for simple tasks 

that rely solely on physical effort. Further research is necessary to generalize our findings 

beyond the current settings. 

Concluding Remarks 

We find that the commonly used management tool of providing named, rank feedback to 

employees can produce more harm than good and is particularly demotivating to middle-

ranked workers who form the bulk of the workforce. Our results show that negative social 

comparisons and decreased feelings of pride about their work are significant drivers of 

reduced performance within a firm. We hope this paper garners attention so that decision-

makers utilize more effective strategies for motivating their employees. Our research 

provides evidence that can lead to more productive paths forward. 
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CHAPTER TWO 

UNLOCKING POTENTIAL: ENHANCING MIDDLE-RANKED WORKER 

PERFORMANCE WITH RANK FEEDBACK AND BEST PRACTICES  

Introduction 

Improving process performance is a vital part of being successful and competitive 

across industries. In fact, improving worker productivity is a key objective for many 

organizations as it would give them a competitive edge by increasing output without 

increasing labor costs or capital expenditures. In the 1st chapter, we delved into the efficacy 

of relative performance feedback (RPF) as a prevalent managerial instrument for enhancing 

productivity. We discovered that motivating mid-tier workers with RPF poses significant 

challenges. In this subsequent chapter, we shift our focus to exploring alternative strategies 

for augmenting worker performance, emphasizing the importance of equipping them with 

the knowledge and skills to excel in their roles. This can be accomplished via establishing 

and adopting best practices for conducting the work. Some employees spend significant 

time figuring how to get better at their job or how to improve organizational performance 

(Chui et al. 2012). For example, physicians often expend effort to learn about 

advancements in clinical practice and medical technology, which enables them to make 

better as to how to treat medical conditions or manage their patient loads (Kleinberg et al. 

2015, Song et al. 2018), contractors using two-sided platforms, and even virtual restaurants 

(Bastani et al. 2021). Learning via best practices or by trial-and-error is time-consuming 

and has negative consequences for service quality (Ramdas et al. 2018). For tasks that 

require complex skills and sequential decision making, it is especially challenging to 
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determine which decisions lead to the most desired outcomes (Bastani et al. 2021). Thus, 

introducing best practices can help workers more quickly improve their performance. 

Scholars find that sharing best practices among employees effectively improves worker 

productivity (Zellmer-Bruhn 2003). We define best practice adoption or best practice 

transfer (BPA) as the firm's replication of a practice deemed superior to alternate practices 

used inside or outside the company (Szulanski 1996).  

Yet, it is particularly challenging to disseminate knowledge across organizations. 

Specifically, Szulanski (1996) documents the difficulties and challenges of best practice 

adoption within an organization. Luckily, there are ways to make BP adoption easier. The 

broader literature on best practice suggests that knowledge-seeking behavior, which 

happens when employees actively search for information about best practices, is more 

effective than knowledge-pushing as a vehicle for transferring best practices from top 

performers to other employees within the organization (Szulanski 1996). 

RPF may facilitate knowledge-seeking, which stimulate BPA, because when 

employees know which of their peers are the top performers, it enables the lower 

performers to seek out the best practices of the top performers. In Song et al. (2018), public 

RPF, together with the top performers sharing their practices during monthly staff 

meetings, leads to a ten percent increase in productivity, on average. They argue that 

physicians can learn from their top performing colleagues whose performance has been 

validated by public RPF. However, they do not explicitly test whether the improvement 

stems from public RPF sparking best practice sharing via knowledge-seeking behavior or 

increased effort of individuals due to public pride/shame about their performance being 
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explicitly shared with their colleagues. In fact, in a recent study, Turkoglu and Tucker 

(2022) show that RPF alone may not effectively improve performance in skill-based tasks. 

Specifically, they found that RPF is negatively associated with middle-ranked workers' 

performance. This finding suggests that the performance gains in Song et al. (2018) may 

be related to best practice implementation rather than RPF alone. 

In this paper, we use laboratory experiments to tease apart the effects of RPF on 

knowledge-seeking behavior, best practices adoption, and worker performance. We 

specifically focus on middle-ranked workers for the following reasons: (1) they constitute 

most of the workforce; (2) common RPF types in literature do not effectively motivate 

them; and (3), to the best of our knowledge, no study offers an RPF that improves the 

performance of the middle-ranked workers.  First, we ask whether providing RPF to 

middle-ranked workers can facilitate knowledge-seeking behavior. We design an online 

experiment to test different types of RPF on knowledge-seeking and best practice adoption. 

Second, once we isolate the most effective type of RPF for facilitating knowledge-seeking 

behavior, we turn our attention to the incremental effect of providing RPF and best practice 

on worker performance. Our goal is to identify the mechanism behind the effects. We study 

whether RPF effectively increases the adoption of best practices, a potential mechanism 

through which worker performance would increase. We design a graphical interface 

experiment where we can keep track of the participants' decisions. This design enables us 

to test whether RPF that increases knowledge-seeking behavior also increases the adoption 

of best practices, which would improve worker performance. The second experiment also 

allows us to test whether we can revert/enhance the negative effect of RPF on middle-
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ranked workers (Turkoglu and Tucker 2022) using RPF and best practices together.  

The paper contributes to the literature on behavioral operations, performance 

feedback, and best practice adoption. Specifically, our study shows that RPF stimulates 

best practice adoption within an organization by increasing knowledge-seeking behavior 

among employees. We would identify a mechanism, providing RPF, through which 

internal knowledge sharing is facilitated. We also contribute to the performance feedback 

literature by studying the incremental effect of providing best practices isolated from RPF. 

We show that our documented effect of improved worker productivity primarily stems 

from successful implementation of best practices where RPF provides validation of these 

practices. 

Literature Review and Hypothesis Development 

Process improvement lies at the heart of organizations’ efforts to improve their 

overall performance, including employee productivity. In this work, we take an employee 

perspective to study within-firm decisions to improve performance. Knowledge transfer in 

organizations is the process through which one unit (e.g., group, department, or division) 

is affected by the experience of another (Argote and Ingram 2000). Studies have found it 

is an effective way to improve performance in both service (Darr et al. 1995, Baum and 

Ingram 1998) and manufacturing firms (Galbraith 1990, Epple et al. 1996). Knowledge 

transfer can improve organizational performance through several avenues. First, it reduces 

the variation in performance across organizational groups that Chew et al. (1990) 

document, thus improving overall organizational productivity. Second, internal knowledge 

transfer via best practice sharing improves individual employees’ performance (Zellmer-
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Bruhn 2003). Best practices are the process standardization techniques implemented to 

increase reliability and reduce process variation (Nonaka and Takeuchi 1995, Pfeffer and 

Sutton 2000, Spear 2005, Bastani et al. 2021). Implementing best practices improves 

performance (Darr et al. 1995, Szulanski 1996, Argote and Ingram 2000, Song et al. 2018). 

However, improvement is conditional upon the lower-performing 

groups/individuals within the organization adopting best practices. Several studies show 

that this is challenging in practice (Szulanski 1996, Argote and Ingram 2000, Argote 2012). 

For example, Szulanski (1996) suggests that knowledge tends to “stick” to its source and 

others are reluctant to adopt the best practices. Ardichvili et al. (2003) document a possible 

cause of the stickiness: best performers hesitate to share their practices/routines with the 

rest of the organization. Their qualitative study finds that top performers’ reluctance stems 

from fear that others may criticize their practices as trivial, irrelevant, or inaccurate. Such 

criticism might also originate from supervisors. Tucker et al. (2007) explain further 

challenges including psychological safety and work-group efficacy concerns, beyond 

knowledge sharing and motivating workers to adopt practices geared towards operational 

improvements. In her research, a notable emphasis is placed on the workers' perception of 

insufficient support from both colleagues and supervisors regarding operational 

improvement suggestions. This perceived lack of support emerges as a primary factor 

behind employees' reluctance to share knowledge and their best practices in regard to 

preventing them. Moreover, KC et al. (2013) study successful transfer of best practices in 

medical settings and find that physicians are more likely to learn from other's failures rather 

than successes, but they learn more from their own successes rather than their own failures. 
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This paradoxical relationship makes knowledge transfer through best practice adoption 

even more challenging at the individual level. For more in-depth studies about knowledge 

sharing and challenges beyond implementing, please see Argote et al. (2000),(2016). 

Scholars propose several methods to facilitate knowledge transfer through best practices. 

Best practices have been proposed to be transferrable via simple rules (Sull and Eisenhardt 

2015), training interventions (Morewedge et al. 2015, Sellier et al. 2019), or with the help 

of machine learning algorithms (Bastani et al. 2021). Muthulingam et al. (2013) shows that 

number and order of practices can impact the success of best practice transfer in 

manufacturing settings. Blass et al. (2014) show that making the connection between the 

source of the recommendation and its operational effects more salient increases the 

adoption of best practices. More specifically, they find involvement of the top operational 

managers increases the adoption rate by 14% on average compared to situations where the 

top managers endorsing the best practices do not have operational roles. The study conveys 

the importance of validating the source of recommended practice to adoptees through the 

use of a figure from the same workplace who possesses the necessary knowledge to 

maximize process outcomes. In manufacturing settings, knowledge transfer or knowledge 

spillover is best achieved when it focuses on the organizational members as opposed to 

processes and when knowledge transfer aims to achieve improvement related to output 

activities rather than to input or in-process activities (Muthulingam and Agrawal 2016). 

Also, Dowell and Muthulingam (2017) find that the degree to which recommended 

practices disrupt the current operations and stability is inversely related to successful 

adoption. Less disruptive recommendations are more likely to be adopted, even if they are 
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less profitable. Thus, offering less disruptive recommendations are one way to increase 

adoption.  

A practical solution to overcome these challenges is by validating best practices via 

performance metrics. Providing performance feedback does not require process change or 

additional training, which makes it a practical and cost-effective avenue for most 

businesses. Zellmer-Bruhn (2003) shows that high-performing teams are more likely to 

share their best-performing practices. Song et al. (2018) show that providing public relative 

performance feedback may allow physicians to identify their top-performing colleagues, 

which helps them validate and adopt the top-physicians’ best practices. This validation 

comes with the performance metrics that make performance problems more salient to 

others so that they start to look for and trust the best practices (Ardichvili et al. 2003). We 

also understand that providing performance feedback makes high performers more willing 

to share their practices because the performance outcomes validate that their processes are 

superior (Song et al. 2018).  Song et al. (2018) argue that public RPF shifts the 

responsibility of the knowledge transfer from best performers to lower-performers by 

disclosing identities so that co-workers know who are the top performers and can seek them 

out.  

A limitation of Song et al. (2018) is that the study is unable to disentangle the effect 

of best practice transfer from performance feedback. We expect RPF that publicly discloses 

top performers will increase knowledge-seeking behavior among co-workers. This is 

because providing public disclosure reveals the source of practices and allows lower 

performers to contact the source of the best practices. RPF provided with best practices 
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helps workers validate the connection between the performance and best practices by 

making the connection more salient. This way, lower performers are more motivated to 

learn about the practices that helped the top performers achieve their publicly-announced 

success. To summarize our discussion, we formally hypothesize the following: 

HYPOTHESIS 1A.  RPF that publicly discloses top performers leads to an increase in 

the knowledge-seeking behavior of the middle-ranked workers compared to participants 

who do not receive RPF. 

On the other hand, even if best practices are available, lower performers might not 

adopt them. Zellmer-Bruhn (2003) provides anecdotal evidence that employees do not 

actively look for new practices, even when they have performance problems. Turkoglu and 

Tucker (2022) shows that (1) feelings of shame about one’s performance mediates the 

effect of RPF on performance; and (2) hybrid RPF causes stronger feelings of shame than 

public and private RPF do. The additional stress and emotional load of being made aware 

that one is under-performing relative to one’s peers may make performance problems more 

salient to middle-ranked workers, motivating them to seek knowledge that may enable 

them to improve their performance. Furthermore, the limited recognition provided by 

Hybrid RPF increases visibility of the top and bottom performers, which should motivate 

middle-ranked workers to advance into the top section or avoid the bottom (Kuziemko et 

al. 2014, Bradler et al. 2016). The motivation to get into top or avoid the bottom should 

increase the knowledge-seeking behavior of middle-ranked workers who receive Hybrid 

RPF, compare to those who receive Public RPF. Thus, we expect Hybrid RPF to increase 

the knowledge-seeking behavior more, compared to Public RPF Therefore, we propose the 
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following hypothesis: 

HYPOTHESIS 1B. Hybrid RPF is more effective at inducing knowledge-seeking behavior 

for the middle-ranked workers compared to Public RPF. 

If it succeeds, RPF not only stimulates knowledge seeking behavior, but also will 

increase the rate of best practice adoption. We expect both Public and Hybrid RPF to 

increase knowledge seeking and hence best practice adoption because both regimes 

publicly disclose top performers. We predict that displaying best practices immediately 

after delivering performance feedback will increase adoption compared to the case where 

workers are offered best practices without also receiving their performance rating. The 

former sequence would help workers validate the tip-performance relationship by 

connecting the source of the tip with the actual performance more quickly and 

straightforwardly, leading to better adoption (Ardichvili et al. 2003, Song et al. 2018).  

Thus, we hypothesize the following: 

HYPOTHESIS 2A. RPF that publicly discloses top performers leads to an increase at 

best practice adoption of the middle-ranked workers compare to participants who do not 

receive RPF. 

Following the logic in H1B, we would expect Hybrid RPF to a lead to a higher level 

of best practice adoption. Turkoglu and Tucker (2022) demonstrates that embarrassment 

about one’s overall performance plays a role in the relationship between RPF and 

performance. Among various forms of RPF, Hybrid RPF is identified as having the most 

detrimental impact on emotions related to embarrassment about one's performance, 

especially when contrasted with public and private RPF. The extra emotional burden from 
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being revealed as a subpar performer compared to one’s colleagues could exacerbate 

performance issues for mid-level performers. This heightened awareness of their 

performance shortfall may, however, also encourage them to actively engage in best 

practice adoption that could enhance their performance.  We hypothesize: 

HYPOTHESIS 2B. Hybrid RPF is more effective than Public RPF at increasing best 

practice adoption of middle-ranked workers. 

The effect of the Hybrid RPF on adoption depends on its effect on knowledge-

seeking behavior. If we fail to find support for Hybrid’s role in improving knowledge-

seeking behavior, we would instead use Public RPF to test our second hypothesis because 

Public RPF is  a more established feedback regime and has been linked to benefit best 

practice sharing via Song et al.'s (2018) field data. A benefit of using public RPF is that we 

can then directly compare our results Song et al.’s (2018) findings where they argue that 

Public RPF stimulates best practice sharing, but were unable to cleanly test its effect due 

to data limitations. 

If the hypothesized improvement in adopting best practices is attained, we would 

expect a significant improvement in performance. Song et al. (2018) argue that RPF with 

BP is effective at improving performance, but cannot separately test the two components. 

Previously, Turkoglu and Tucker (2022) show that providing RPF without BP does not 

improve the performance of middle-ranked workers. This finding points out that the 

performance improvement in Song et al. (2018) is likely due to best practice 

implementation because providing RPF only is not effective at improving performance in 

Turkoglu and Tucker (2022)’s study that involves a complex task of solving Knapsack 
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problems where sheer effort does not translate into improved performance. This is because 

one cannot improve without first learning how to correctly solve Knapsack problems. 

Providing RPF does not teach people how to solve the problems; it only reveals their 

relative position compared to peers. It is the absorption of knowledge showing how to 

better approach the problems that helps improve outcomes on a complex task where both 

effort and skills are required. In addition, best practice implementation is not an easy task, 

and providing best practices do not guarantee their adoption (Tucker et al. 2007). 

Individuals who are not looking for best practices but who are given access to them, might 

not  improve performance due to the lack of stimuli from performance feedback to drive 

them to adopt the best practices (Zellmer-Bruhn 2003). RPF stimulates knowledge-seeking 

behavior among lower performers, which in turn increases adoption of the best practices, 

ultimately resulting in improved performance. In summary, performance improvement 

should be significantly higher when best practices are provided with RPF as compared to 

when best practices are provided alone. We formally hypothesize the following: 

HYPOTHESIS 3. RPF with best practices enables participants to perform better on a 

complex task compared to participants who do not receive RPF with best practice tips. 

Experimental Design 

We design two experiments to test our hypothesis. The first experiment would 

allow us to measure the relative effectiveness of providing Public or Hybrid RPF on 

knowledge seeking and best practice adoption. Our first experiment also allows us to 

decide which type of RPF to use for the second experiment, in which we isolate the effect 

of RPF and BP on worker performance and investigate a potential mechanism through 
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which the effect mediated.  

1st Experiment: Effect of RPF on Knowledge Seeking Behavior and Best Practice 

Adoption 

Design and Procedure: We test the effect of providing RPF on knowledge-seeking 

behavior. In the current work, we have followed the modified version of the experimental 

design and procedures used in similar RPF experiments (Kuhnen and Tymula 2012, 

Hannan et al. 2013, Gill et al. 2018, Turkoglu and Tucker 2022) We use a graphical 

interface where participant select and drag items in a virtual knapsack with a limited weight 

capacity. The interface lets us keep track of the item selection history to identify changes 

in decision-making that provide evidence of best practice adoption. We examine the effect 

of delivering public and hybrid RPF on knowledge-seeking behavior and best practice 

adoption compared to the no feedback condition.  

The flow of the events in an experimental session is as follows: Upon successful 

recruitment and consent approval, participants get trained on the task and become familiar 

with the experimental screens. Participants get tested to make sure they have 

comprehension to move forward. The experimental interface terminates if participants fail 

both on tutorial and practice questions after getting trained twice. After the practice round, 

successful participants move to the first scored round where they get twelve knapsack 

questions in three minutes. After the first round, participants are randomized into three 

conditions: (1) control, (2) Public RPF, and (3) Hybrid RPF conditions. This is to minimize 

tutorial drop-outs' effect on each sub-treatment's sample sizes. In the following subsection, 

we provide more details on each condition. After assigning treatment conditions, all 
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participants get the knowledge seeking question between rounds. The knowledge seeking 

question asks participants whether they would like to access the video where top performer 

explains the best practice tip that helps him solve questions effectively. Following the 

knowledge seeking question, participants get a simple attention check to verify that they 

are paying attention to the instructions (Oppenheimer et al. 2009). Then, we ask 

participants how they feel about their performances so far. This question lets us measure 

the feeling of shame about their performance after the 1st round. After this, all participants 

will get the best practice video explaining a hypothetical best performers approach to 

solving similar questions. Next, the second round starts in which all participants get another 

three minutes to work on another set of twelve knapsack problems. Finally, they answer a 

questionnaire that includes demographic, social comparison involvement, and other 

questions about the best practice video to measure potential post-experimental changes in 

their answers. Please refer to the attachment B1 and B3 to see all survey items. As part of 

the questionnaire, treatment participants get an attention check to verify that they paid 

attention to the type of RPF they received. Once participants complete the questionnaire, 

the experimental session ends with debriefing. 

Participants: We recruit participants from the Amazon Mechanical Turk (MTurk) 

subject pool, which has been used in a variety of behavioral studies (e.g., Berinsky et 

al.(2012)), including behavioral operations (e.g., Lee et al.(2018)). We recruit 250 MTurk 

workers, following similar advice-seeking experiments (Gino 2008). Participants who 

complete the experiment receive $1.50 for participation regardless of performance. To 

select potential participants, we use recruitment qualifications similar to those found in the 
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literature (Song-Hee et al. 2020):  located in the United States, a human intelligence task 

(HIT) approval rate of 99% or higher, and 500 or more HITs approved.  The online software 

randomly assigns participants to one of the three conditions at the end of the first round, 

just before assigning the treatment conditions. 

Task: We use knapsack problems as our main task, which have been used in similar 

experimental studies  (Chen et al. 2019, Turkoglu and Tucker 2022). In a knapsack 

problem, the player’s objective is to maximize the total value of a set of individual items 

selected to be placed in a (hypothetical) knapsack without exceeding the knapsack’s total 

carrying capacity. Each item has a specific value and weight, and the total weight of the 

selected items must be less than or equal to the total weight capacity of the knapsack. 

Participants can see up to twelve questions in each of the two rounds while a three-minute 

countdown timer is always present. They are free to skip questions and move to the next 

section of the experiment without answering all the questions. The interface asks 

participants to confirm their final selection and show the selected items and the total final 

value in the bag before moving to the next question. Figure 7 below shows the practice 

question. The correct answer is eleven for the problem. Each item is graphically 

represented with an object. Participants double-click an item to select one, which gets 

dragged into the bag. The software auto-updates the bag's total value and remaining weight 

with each item selection.  
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Figure 7 Sample Knapsack Question: Practice Question from the Tutorial Round of the 

Experiment 

Conditions: After the tutorial, participants are randomized into three conditions: (1) 

control, (2) Public RPF, and (3) Hybrid RPF. Participants do not know which condition 

they are in until they see their actual feedback. Participants in the control condition do not 

get any feedback during the experiment. We use the control group as a baseline throughout 

our analyses. In Public RPF condition, individual identities are revealed to all workers so 

that everyone knows each coworker’s performance. In hybrid RPF, a focal worker sees a 

feedback list where the top and bottom of the list consist of names (as in the case of Public 

RPF). In contrast, the rest of the list includes code numbers representing other individuals 

so identities in the middle remain private. Following the previous work, we continue to 
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provide fictitious rank, which shows all workers in the middle of the list, as 20th out of 40. 

We also use pseudonyms rather than participants’ real names in the public feedback 

conditions to avoid any impact from seeing a different name than other participants. 

Consequently, all participants see the same feedback table with the same fabricated names, 

code numbers, or the combination of the two. In any performance table, focal participants 

see their scores with the nicknames they created highlighted and in bold. Throughout all 

experiments, we keep the fabricated names and order of the ranks the same for the same 

conditions. Figure 9 shows the feedback screens for all three treatment conditions for a 

hypothetical participant who chooses “YOU” as a nickname. 

For those in the treatment conditions, following the RPF screens, participants get 

the knowledge seeking question, which asks whether they would like to get a best practice 

tip from a previous session's top performer. Knowledge-seeking question measures 

participants’ willingness to exercise an effort to learn something that would help them get 

better at the task in the next round. Figure 8 shows the Knowledge-seeking question. This 

question allows us to measure the effect of RPF on participants’ knowledge-seeking 

behavior while ensuring the agent is willing to exercise some degree of effort to seek 

information. We simulate the effort of knowledge seeking by (1) providing a video that 

includes the best practice tip rather than offering it directly and (2) warning participants 

that committed time for knowledge-seeking cannot be skipped once the questions is 

answered affirmative. The knowledge-seeking question would be in the following form: 

“If there existed a 2-minute video in which a top-performing peer explains her method of 

approaching the game that enables her to solve the questions efficiently, would you watch 
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the video? Note that watching the video would increase the time required to complete the 

study by 2 minutes but would improve your performance.” Regardless of the response, we 

provide the best practice tip video and lead participants to the next round. As one purpose 

of this experiment is to measure the effect of providing different types of RPF on best 

practice adoption.  

Best Practice Tip Video: We use a video recording where a hypothetical best 

performer acts as a narrator explaining her way of solving these knapsack questions. We 

provide a transcript of the best practice video in Appendix B2. In essence, we advise 

participants to use the items with the highest value-to-weight (VtW) ratio first, known as 

forward search (Pape et al. 2020). Schiffels et al. (2018) find that, among others, forward 

search is a more preferable practice to solve knapsack problems. In reality, this method 

does not always yield an optimal solution, but we design all questions so that using forward 

search always give the optimal solution. Although Pape et al. (2020) suggest that using the 

highest VtW ratio is one of the most commonly used strategies among participants, 

Turkoglu and Tucker (2022) show that average scores of each round in similar experiments 

are far from the maximum. That makes us confident that the adoption of forward search, 

Figure 8 Knowledge Seeking question for participants in treatment conditions 
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would still allow participants to enjoy performance improvements, on average.  

Variables: We assess the knowledge-seeking behavior of participants using a 

survey item that allows them to receive best practice information. The outcome variable, 

knowledge-seeking, measures this behavior based on their requests for best practice tips. 

It's a binary variable, equaling 1, when participants affirmatively respond to the 

knowledge-seeking question. For measuring best practice adoption, we adopt Schiffels et 

al.’s (2018) approach and use the selection frequency of the highest value-to-weight (VtW) 

ratio item in each treatment condition. This BPA variable reflects how often participants 

choose the highest VtW ratio item first when solving problems in the final round. 

Additionally, we create a perceived best practice adoption variable, BPA Perceived, using 

survey items related to shared best practices post-intervention. Participants respond to these 

questions using a combination of binary yes-no responses and a five-point Likert scale. For 

a detailed overview of the best practice survey questions, refer to Table 9. Factor analysis 

shows that two items, best practice future use and effectiveness, exhibit high internal 

consistency (Cronbach’s alpha = 0.76). We average these two items to create a composite 

measure of each participant’s perceived BPA. 
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For control variables, we follow  Buell et al. (2016) and control for participants’ 

ability using 1st round scores. We include a variety of demographic variables, including 

age (18 to 22 years old, 22 to 26, 26 to 30, 30 to 40, 40 to 50, older than 50), gender (male, 

female), ethnicity (white, Asian, black, others), level of education (pre-high school, high 

school, some college but no degree, college degree, graduate student, graduate degree), 

major field of study (business, physical sciences, math or economics, social sciences, 

education, and other), and native language (English, other). 

Table 9 Perceived Best Practice Adoption Survey Items 

Construct Survey Items 
BP Previous 
Knowledge 

Did you know the best practice tip shown in the video before watching 
the video in this experiment? 

BP Current Use Did you use the best practice tip shown in the video while solving the 
second round of questions? 

BP Effectiveness Do you find the best practice tip shown in the video effective at 
solving similar questions? 

BP Future Use How likely do you adopt/use the best practice tip in the future for 
solving similar questions? 

BP Recommendations Do you recommend any other practice tips for solving similar 
problems to others that make them solve problems more effectively? 

We collect demographics data as a part of the post-experiment questionnaire which 

is available as appendix. We collect the demographic data during the post-experiment 

questionnaire to ensure we don’t inadvertently trigger performance differences due to race 

or gender identity (Shih et al. 1999).  
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Results, 1st Experiment 

Descriptive Statistics 

 Table 10 and Table B.1 in Appendix B.4 report descriptive statistics for each 

treatment’s task-related and demographic variables. The number of respondents in each 

treatment condition is balanced with respect to size of the control group. During the 

study, 425 participants consented, out of which 124 failed the tutorial, and 42 could not 

submit/complete their studies as the pre-determined number of participants already 

submitted their tasks successfully while progressing. 

The sample contains 259 participants: 87 in control, 85 in Public RPF control, and 

87 in the Hybrid RPF condition. One-way analysis of variance shows no statistically 

significant difference between groups for the 1st round scores or completion times for the 

1st and 2nd rounds. As noted in Table 10, on average, participants take 5.9 min to complete 

both rounds, correctly answering 2.3 out of 12 questions in the 1st round and 3.5 out of 12 

in the 2nd round. Almost all participants were capped by the round time of 3 minutes by 

design and have not had a time to work on all the problems. This is to ensure the scores are 

not capped by a number of questions available. As noted in, Table B.1 in Appendix B.4, 

among the 259 participants, 50% are female, 84% are white, 11% are 18 to 26 years old; 

17% are 26 to 30; 42% are 30 to 40; 16% are 40 to 50; and 14% are 50 or over. Furthermore, 

3% of the participants have a high school education or less, 6% have some college but no 

degree, 80% have a bachelor’s degree, and 11% have a graduate degree or have been a 

graduate student.  
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Table 10 Descriptive Statistics, 1st Experiment 

 

Item 
1st 
Round 
Score 

2nd 
Round 
Score 

Total 
Score 

1st 
Round 
Time 

2nd 
Round 
Time 

Total 
Round 
Time 

Overall 
Experiment 
Time 

No Feedback         

N =87 μ 2.2 3.3 5.3 2.9 2.9 5.8 17.8  
σ 1.8 2.3 3.6 0.2 0.3 0.5 6.8  
Min 0 0 0 1.6 1.5 3.2 7.7  
Max 7 10 17 3 3 6 50.3 

Public RPF         

N =85 μ 2.2 3.4 5.60 2.9 2.9 5.9 18.3  
σ 1.9 2.1 3.50 0.2 0.2 0.4 7  
Min 0 0 0 1.9 2 4 9.9  
Max 9 9 15 3 3 6 52.3 

Hybrid RPF         

N =87 μ 2.6 3.7 6.1 3 2.9 5.9 19.4  
σ 2.3 2.3 4.1 0.2 0.2 0.3 8.3  
Min 0 0 0 1.9 1.6 4 10.5  
Max 12 10 22 3 3 6 54.8 

Total         

N =259 μ 2.3 3.5 5.6 2.9 2.9 5.9 18.5  
σ 2 2.2 3.7 0.2 0.2 0.4 7.4  
Min 0 0 0 1.6 1.5 3.2 7.7  
Max 12 10 22 3 3 6 54.8 

Notes. μ shows the mean, σ shows the standard deviation associated with each item for different 
treatment conditions. Last column shows the descriptive statistics for all participants. 

Effect of RPF on Knowledge Seeking Behavior 

We test the first hypothesis by modeling the responses to knowledge-seeking 

question as a binary measure of knowledge-seeking behavior. First, we look at the effect 

of providing any RPF compared to the control. For this, we create a 0-1 binary RPF variable 

that equals 1 if participants get either Public or Hybrid RPF in between rounds. In equation 
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(2-1), we use the logistic regression model to calculate the odds of knowledge-seeking as 

a function of the any RPF conditions by controlling for all covariates we have described 

earlier. The logistic regression model of the knowledge seeking behavior is shown below; 

where 𝑌!	 equals 1 if knowledge-seeking question variable equals to 1 and 𝑋!	 represents 

the controls for education, major, ethnicity, language, gender, age, and 1st round scores for 

each worker 𝑖 

 logit(𝐾𝑛𝑜𝑤𝑙𝑒𝑔𝑑𝑒	𝑆𝑒𝑒𝑘𝑖𝑛𝑔!) = 	𝑎" + 𝑎#𝑅𝑃𝐹! + 𝛾#𝑋! + 𝜀#!; (2-1) 

In equation (2-2), we model the logistic regression as a function of separate 

treatment groups, including public RPF and Hybrid RPF. 

 logit(𝐾𝑛𝑜𝑤𝑙𝑒𝑔𝑑𝑒	𝑆𝑒𝑒𝑘𝑖𝑛𝑔!) = 	𝑏" + 𝑏#𝑃𝑢𝑏𝑙𝑖𝑐! + 𝑏$𝐻𝑦𝑏𝑟𝑖𝑑! + 𝛾$𝑋!	 + 𝜀$!; (2-2) 

Table 11 shows our results. The logistic regression model results represent the odds 

of knowledge seeking for a given change in treatment. As predicted in H1A, model 1 shows 

that providing any type of RPF significantly increases the log odds of knowledge seeking 

by 0.63 (𝑝 < 0.05), compared to the control group after controlling for the 1st round scores. 

In model 2, where we include the demographic controls, providing RPF continues to 

significantly increase the odds of knowledge seeking by 0.77 (𝑝 < 0.05) compared to the 

baseline group. Thus, we find strong support for Hypothesis 1A as the results are in favor 

of the predictions of the hypothesis. 

In models 3 and 4, we show the effect of each type of RPF on knowledge seeking. 

Model 3 indicates that compared to the baseline group, Public RPF, and Hybrid RPF are 

associated with a 0.39 (coefficient not significant), and 0.92 (𝑝 < 0.05) point increase in 
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the odds of knowledge seeking, respectively. Model 4 adds the control variables. Compared 

to baseline, 

Table 11 Effect of RPF on Knowledge Seeking Behavior 

 (1) (2) (3) (4) 
VARIABLES KS KS  KS  KS  

     
RPF 0.636** 0.725**   
 (0.313) (0.364)   
Public RPF   0.389 0.499 
   (0.356) (0.413) 
Hybrid RPF   0.917** 0.965** 
   (0.397) (0.462) 
Correct Answers  
1st Round  

-0.271*** -0.205** -0.281*** -0.206** 
(0.0802) (0.0920) (0.0802) (0.0906) 

Constant 1.435*** 0.650 1.460*** 0.426 
 (0.298) (1.391) (0.299) (1.453) 
     
Observations 253 253 253 253 
Controls NO YES NO YES 

Notes. Robust standard errors in parentheses Controls include education, major, gender, ethnicity, 
language, and age dummies. ˆ, **, and *** denote significance at the 10%, 5%, and 1% levels, 
respectively. 
 

Hybrid RPF is associated with a 1.05 increase in the odds of knowledge seeking, (p < 

0.001) versus an increase of 0.50 (coefficient not significant) for Public RPF. However, 

the post-estimation coefficient test shows that Hybrid RPF and Public RPF are not 

significantly different then each other, as the p-value associated with chi-squared of 1.14 

with 1 degree of freedom is greater than 0.05, (prob>chi2 = 0.28). Thus, we find no support 

for H1B. Full results with all control variables are shown in Appendix B5 in Table B.4. 
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However, the odds ratio associated with RPF may not provide a practical 

interpretation of the participants' knowledge-seeking behavior. We use marginal effects 

for measuring the effect of delivering RPF on the knowledge seeking behavior. Marginal 

effects describe the change in outcome as a function of the change in the treatment, 

holding all other variables in the model constant at means. Table 12 shows the marginal 

effect of RPF on knowledge seeking. In model 1 and 2, knowledge-seeking probably 

increases significantly by 0.11 (𝑝 < 0.05) with RPF compared to control while we hold 

other variables constant at their means. Model 3 and 4 in Table 12 show the marginal 

effect of providing individual RPF treatments on knowledge seeking, where Hybrid RPF 

significantly increases the likelihood of knowledge seeking by 0.17(𝑝 < 0.05), compare 

to control. In contrast, the effect of Public RPF is not significant. Full results for marginal 

effects with all control variables are shown in Appendix B5, Table B.5. 

Effect of RPF on Best Practice Adoption 

We also test the second hypothesis in the first experiment. To measure the best 

practice adoption rate, we follow Bastani et al. (2021) and run 3 one-sided t-tests to 

compare the adoption rate of participants in all three conditions. For this, we use the 

frequencies of selecting the highest ratio item first, BPA, in the final round. This initial test 

yields no significant differences.  
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Table 12 Marginal Effects of RPF on Knowledge Seeking 

 (1) (2) (3) (4) 
VARIABLES KS KS KS KS 

     
RPF 0.111** 0.111**   
 (0.0542) (0.0542)   
Public RPF   0.0764 0.0761 
   (0.0694) (0.0627) 
Hybrid RPF   0.157** 0.147** 
   (0.0657) (0.0673) 
Correct Answers  
1st Round 

-0.0473*** -0.0314** -0.0487*** -0.0314** 
(0.0145) (0.0137) (0.0144) (0.0136) 

Observations 253 249 253 249 
Controls NO YES NO YES 

Notes. Robust standard errors in parentheses Controls include education, major, gender, ethnicity, 
language, and age dummies. ˆ, **, and *** denote significance at the 10%, 5%, and 1% levels, 
respectively. 

Later, as shown in Equation 2-3 we model the frequency of picking the highest ratio 

item as a function of each treatment and other covariates. For this analysis, we control for 

the 1st round frequencies, so we account for the factors that possibly affect the frequencies 

before introducing the treatment.  

 𝑌'()*(,!-.)/0	(10!2	!0)3	#/0)! =	𝑐" + 𝑐#𝑅𝑃𝐹! + 𝛾%𝑋! + 𝜀%!; 2-2 

In Equation 2-4, we model the best practice adoption as a function of separate 

treatment groups including public RPF and Hybrid RPF. 

 𝑌'()*(,!-.)/0	(10!2	!0)3	#/0)! =	𝑑" + 𝑑#𝑃𝑢𝑏𝑙𝑖𝑐! + 𝑑$𝐻𝑦𝑏𝑟𝑖𝑑! + 𝛾5𝑋!	 + 𝜀5!; 2-3 

Table 13 shows the result aligned with our hypothesized relationship. Model 1 

shows that providing any RPF increases the frequencies of picking the highest ratio item  
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Table 13 Effect of RPF on BPA 

 (1) (2) (3) (4) 
VARIABLES BPA BPA BPA BPA 

     
RPF 0.150 0.0939   
 (0.192) (0.186)   
Public RPF   0.252 0.149 
   (0.226) (0.218) 
Hybrid RPF   0.0478 0.0402 
   (0.215) (0.213) 
Highest Ratio Item  
Picks in 1st Round 

1.382*** 1.366*** 1.384*** 1.367*** 
(0.0748) (0.0756) (0.0753) (0.0760) 

Correct Answers  
1st Round  

0.245*** 0.240*** 0.247*** 0.241*** 
(0.0519) (0.0567) (0.0516) (0.0567) 

Constant 0.752*** 1.442** 0.745*** 1.484** 
 (0.158) (0.673) (0.158) (0.672) 
     
Observations 253 253 253 253 
Adjusted R-squared 0.731 0.744 0.731 0.744 
Controls NO YES NO YES 
F test model 177.7  133  

Notes. Robust standard errors in parentheses Controls include education, major, gender, ethnicity, 
language, and age dummies. ˆ, **, and *** denote significance at the 10%, 5%, and 1% levels, 
respectively. 

as part of the solution set by 0.15 (p-NS) compared to the baseline group after controlling 

for the 1st round scores, and 1st round highest ratio item picks. In model 2, where we 

include the demographic controls, providing any type of RPF increase the BPA by 0.09 

point (p-NS) compared to the baseline group. In models 3 and 4, we show the effect of 

each type of RPF on best practice adoption. Model 3 indicates that compared to the baseline 

group, Public RPF, and Hybrid RPF are associated with a 0.24 (p-NS), and 0.06 (NS) point 
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increase in highest ratio item picks, respectively. Model 4 adds the control variables. 

Compared to baseline, hybrid is associated with 0.05 (p-NS) point increase whereas public 

RPF associate with 0.13 (p-NS) point increase in best practice adoption. Post-regression 

tests show that there is not a statistically significant difference between public and hybrid 

RPF. We expect that RPF leads to a higher adoption rate by increasing the frequency of 

selecting the highest ratio items by participants. Even though the coefficient of interest 

shows a positive direction, we fail to find statistically significant support for the hypothesis 

2A and 2B via the BPA outcome variable. Full results with all control variables are shown 

in Appendix B6, Table B.6. 

Next, we look at the secondary outcome variable, perceived BPA. Table 14 shows 

the results.  Similar to the BPA variable, we model perceived BPA as a function of binary 

RPF and categorical individual treatment variables. In Model 1, providing any RPF 

marginally associates with a 0.16 (p<0.1) point increase in the perceived BPA. In Model 

2, when we account for the demographic controls, RPF (β=0.21, p<0.05) significantly 

increases the perceived adoption of practices, as predicted by Hypothesis 2A 

In Model 3, Public RPF marginally increases the Perceived BPA, whereas the effect 

of Hybrid RPF (β=0.14, NS) is not significant, although in the same positive direction with 

Public RPF. In Model 4, accounting for demographic variables, we see that Public RPF 

drives the positive effect on Perceived BPA with a statistically significant coefficient 

(β=0.23, p<0.05). Hybrid RPF also becomes marginally significant (β=0.186, p<0.05). The 

test of coefficients shows that Hybrid and Public RPF coefficients are not significantly 

different then each other.  
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Table 14 Effect of RPF on Perceived BPA 

 (1) (2) (3) (4) 

VARIABLES 
BPA 
Perceived 

BPA 
Perceived 

BPA 
Perceived 

BPA 
Perceived 

     
RPF 0.166^ 0.209**   
 (0.0936) (0.0920)   
Public RPF   0.186^ 0.232** 
   (0.106) (0.108) 
Hybrid RPF   0.146 0.186^ 
   (0.110) (0.105) 
Highest Ratio Item 
Picks in 1st Round 

0.109***    
(0.0355)    

Correct Answers  
1st Round 

-0.0449 -0.0550** -0.0445 -0.0546** 

(0.0277) (0.0257) (0.0276) (0.0257) 
Constant 3.898*** 3.336*** 3.897*** 3.344*** 
 (0.0940) (0.439) (0.0945) (0.436) 
     
Observations 253 253 253 253 
Adjusted R-squared 0.035 0.105 0.032 0.102 
Controls  NO YES NO YES 
F test model 3.001  2.236  

Notes. Robust standard errors in parentheses Controls include education, major, gender, ethnicity, 
language, and age dummies. ˆ, **, and *** denote significance at the 10%, 5%, and 1% levels, 
respectively. 

Thus, we fail to provide support for H2B, which predicts that Hybrid would be 

better at inducing BPA. Full results with all control variables are shown in Appendix B6, 

Table B.7. 
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2nd Experiment: RPF and BP on Total Performance 

Similar experimental procedures to first experiment are used in the second 

experiment, including the task, best practice tip and participant recruitment, with a few 

modifications. In contrast to the first experiment, we know use Public RPF as we fail to 

provide support for the H2B. Also, public RPF is a more established measure, and using it 

in our study would allow us to make direct comparisons with previous studies in literature 

(i.e.(Song et al. 2018). In addition to that, we implemented two different best practice video 

interventions: Pseudo and actual best practice. Participants in certain conditions (3rd and 

4th) get the actual best practice video which we administer to all participants in the first 

experiment. Other participants (1st and 2nd conditions) get a pseudo best practice video 

where a hypothetical best performer essentially go over the tutorial with a graphical 

interface. Both video interventions are introduced in the same way as shown in Table 15. 

The only variation between them was the content of the best practice video. Please refer to 

the Appendix B.2. for the transcripts of both video interventions. Having two videos is 

instrumental to test if difference in content of best practice treatments would affect the 

outcome variable. 
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Table 15 Information Shared with Participants who either get Pseudo or Actual Best Practice 

Video 

Information Shared Before the Video Information Shared During the Video Play 
Next you will see a video about solving 
questions. 1st round of the game has finished. 
Congrats! Now you have one more round to 
play. Here is a video in which a top-performing 
peer explains her approach to the game that helps 
her solve questions efficiently while achieving a 
top rank. You may pause and rewatch the 
sections of the video. The “continue” button 
shows up after 2 minutes, and the screen auto-
advances when the timer is up after 2m30s. 

Here is a video in which a top-performing 
peer explains her approach to the game that 
helps her solve questions efficiently while 
achieving a top rank. You may pause and 
rewatch the sections of the video. The 
“continue” button shows up after 2 minutes, 
and the screen auto-advances when the timer 
is up after 2m30s. 
 

 

Flow of the events: All events and procedures are similar to the 1st experiment 

except for the content of the treatment conditions. Participants are randomized into four 

conditions: (1) control, (2) RPF only, (3) BP only, (4) RPF and BP.  Please refer to the 

conditions subsection below to get the details of each condition. Afterward, participants in 

RPF conditions get Public RPF, and participants in best practice conditions get the video 

explaining the best practice tip.  

Participants: Similar to the first experiments, we recruit 180 participants using the 

MTurk subject pool. During the study, 320 participants consented, out of which 55 failed 

the tutorial, and 85 could not submit/complete their studies as the pre-determined number 

of participants already submitted their task successfully while progressing in the study, 

yielding 180 observations for analysis. We do not allow participants who participated the 

1st experiment or any other pilot sessions before. Participants are paid $1.5 for their 

participation.  
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Task: We use the same knapsack problems we use for the 1st experiment in which 

participants solve up to 12 knapsack problems per round, and 24 questions in total. 

Conditions: In the 2nd experiment, participants are randomized into four conditions: (1) 

control, (2) RPF only, (3) Best Practice Tip (BP) only, and (4) RPF with BP. Participants 

in the control condition do not get performance feedback. Instead, they watch the pseudo 

best practice video in which a narrator essentially applies tutorial instructions previously 

available to all participants to a sample question. During the video, the narrator goes over 

different item combinations to maximize the total value with respect to the bag’s weight 

capacity constraint. In contrast to the treatment BP video, narrator never mentions the 

forward search method, which is the best practice tip introduced in the treatment BP video. 

Please refer to Appendix B.2.2 for the pseudo best practice video transcripts. Participants 

in the RPF only condition get public RPF, followed by the pseudo BP video, which we also 

use in the control condition. Similar to the 1st experiment, they will get the KS question, 

feeling question, and manipulation check before getting the pseudo-BP video. 

Those in the BP only condition get the treatment best practice video without the 

RPF screen before the 2nd round. Finally, for those in the BP and RPF condition, following 

the Public RPF screen, participants get the treatment best practice video, in which the best 

performer narrator introduces the highest ratio method to solve knapsack problems 

optimally. 

Variables: Our dependent variable is total performance at the end of the second 

round, similar to the Turkoglu and Tucker (2022). We use total performance as the main 

outcome variable to model a regression as a measure of change in performance between 
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the two rounds for each participant, controlling for the 1st round performance. This 

approach is similar to other experimental studies (Ryan W. Buell et al. 2016, Turkoglu and 

Tucker 2022). We use previously constructed knowledge seeking, BPA, and Perceived BPA 

variables to conduct mediation analyses investigating the mechanisms through which 

studied interventions affect the outcome variable, total performance. As before, 

knowledge-seeking is a binary variable collected in between two rounds that equals to one 

if participants opt-in to watch a treatment BP video to potentially get better at solving future 

problems. BPA accounts for the total number of highest ratio item selections in final 

decisions, Perceived BPA is a composite measure calculated based on the post-ante 

treatment BP-video related questions. To evaluate the higher-level effect of providing 

feedback as part of a treatment, we created a binary RPF variable equals to one if 

participants are randomized to 2nd (RPF Only) or 4th treatment (RPF and BP Tip) 

conditions. Individual treatment conditions are later used to measure the effect of treatment 

on total performance, similar to the Turkoglu and Tucker (2022). 

Results, 2nd Experiment 

Descriptive Statistics 

Table 16 and Table B.2 in Appendix B.4 report descriptive statistics for each 

treatment’s task-related and demographic variables. The number of respondents in each 

treatment conditions is balanced with respect to the control group. The sample contains 

180 participants: 45 in Pseudo BP, 46 in RPF & Pseudo 45 in BP Only, and 44 in RPF & 

BP conditions. One-way analysis of variance shows no statistically significant difference 

between groups for the 1st round scores or completion times for the 1st and 2nd rounds.  
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Table 16 Descriptive Statistics, Experiment 2 

 

Item 
1st 
Round 
Score 

2nd 
Round 
Score 

Total 
Score 

1st 
Round 
Time 

2nd 
Round 
Time 

Total 
Round 
Time 

Overall 
Experiment 
Time 

No Feedback  
& Pseudo BP 
N =45 

        

Mean 3.5 4.8 8.3 3 3 6 18.0  
SD 2.2 2 3.9 0 0.1 0.1 4.6  
Min 0 0 0 2.9 2.5 5.4 12.5  
Max 10 9 19 3 3 6 35.9 

RPF & Pseudo BP         

N =46 Mean 3.4 5 8.4 3 3 6 19  
SD 2.4 2.3 4.1 0 0.1 0.2 4.1  
Min 0 0 1 2.8 2.2 5.1 11.7  
Max 11 10 21 3 3 6 31.6 

No RPF & BP         

N =45 Mean 3.2 4.8 8 3 3 6 17.4  
SD 2.5 2.8 4.9 0 0.2 0.2 3.6  
Min 0 0 0 3 2.1 5.1 10.9  
Max 9 11 20 3 3 6 27 

RPF & BP         

N =44 Mean 3.6 4.9 8.5 3 3 5.9 18.3  
SD 2.3 2.4 4.5 0.2 0.2 0.3 3.5  
Min 0 0 0 2.2 1.9 4.1 10.5  
Max 11 10 19 3 3 6 26.6 

Total         
N =180 Mean 3.4 4.9 8.3 3 3 6 18.2 
 SD 2.3 2.4 4.3 0.1 0.1 0.2 4 
 Min 0 0 0 2.2 1.9 4.1 10.5 
 Max 11 11 21 3 3 6 35.9 

Notes. μ shows the mean, σ shows the standard deviation associated with each item for different 
treatment conditions. Last column shows the descriptive statistics for all participants. 
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As noted in Table 16,  on average, participants take 6 min to complete both rounds, 

correctly answering 3.4 out of 12 questions in the 1st round and 4.9 out of 12 in the 2nd 

round. Almost all participants were capped by the round time of 3 minutes by design and 

have not had time to work on all the problems. This is to ensure the scores are not capped 

by a number of questions available. As noted in Table B.2 in Appendix B.4, among the 180 

participants, 49% are female, 80% are white, 8% are 18-26 years old; 7% are 26-30; 32% 

are 30-40; 27% are 40-50; and 26 % are 50 years old or	older.	Furthermore,	8%	of	the	

participants	have	a	high	school	degree	or	less,	20%	have	some	college	but	no	degree,	

53%	 have	 a	 bachelor’s	 degree,	 and	 19%	 have	 a	 graduate	 degree	 or	 have	 been	 a	

graduate	student. 

Effect of RPF and BP on Total Performance  

To measure the effect of treatment on the total performance we use the total number 

of correct responses, total performance by each participant. We follow previous literature 

(Ryan W. Buell et al. 2016, Turkoglu and Tucker 2022) and model the total performance 

as a linear function of each treatment condition with robust standard errors while 

controlling for the 1st round scores and other demographic factors. The following equation 

(2-4, represents the model specification that measures the effect of RPF on total 

performance, where	𝑋!	represents controls including education, major, ethnicity, language, 

gender, age and 1st round score for each worker 𝑖. 

 𝑌(𝑇𝑜𝑡𝑎𝑙	𝑃𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒)! =	𝑒" + 𝑒#𝑅𝑃𝐹! + 𝛾6𝑋!	 + 𝜀6!; (2-4) 

We run a similar model to measure the effect of separate treatments on total 
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performance. This model allows us to capture and compare the effect of individual 

treatments and the incremental effect of providing best practices with the RPF. Equation 

(2-5 below illustrates the separate treatment model for total performance, 

where	𝑋!	represents controls including education, major, ethnicity, language, gender, age 

and, 1st round score for each worker 𝑖.  

 𝑌(𝑇𝑜𝑡𝑎𝑙	𝑃𝑒𝑟𝑓𝑜𝑟𝑚𝑎𝑛𝑐𝑒)! =	𝑓" + 𝑓#𝑃𝑢𝑏𝑙𝑖𝑐! + 𝑓$𝐻𝑦𝑏𝑟𝑖𝑑! + 𝛾7𝑋!	 + 𝜀7!; (2-5) 

Table 17 shows the results. Similar to our hypothesized relationship, model 1 shows 

that providing an RPF with any type of BP increases the total score by 0.10 (p-NS) 

questions compared to the groups without an RPF, after controlling for the 1st round scores. 

In model 2, where we include the demographic controls, providing RPF with any best 

practice marginally increases the total score of workers by 0.46 questions (p < 0.1) 

compared to the no-RPF condition. Thus, we find marginal support for Hypothesis 3. In 

models 3 and 4, we show the effect of individual treatments on the total score. Model 3 

indicates that compared to the baseline group who only received a pseudo RPF, RPF with 

Pseudo BP, BP without an RPF and finally receiving both PPF and BP are associated with 

a 0.27, 0.10, and 0.03(coefficients are not significant) point increase in total score, 

respectively. Model 4 adds the control variables. We find that RPF with Pseudo Best 

Practice marginally increases the total score by 0.66 (p<0.1) compared to baseline. To our 

surprise, in RPF with treatment BP condition, where we share forward search as a best 

practice tip, the positive relationship between RPF and total performance is not significant 

(β=0.33, p-NS). Post-regression tests show no statistically significant difference among 

RPF & Pseudo BP and RPF & BP conditions. Full results with all control variables are 
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shown in Appendix B.7, Table B.8. 

Table 17 Effect on Total Performance 

 (1) (2) (3) (4) 
VARIABLES Total 

Performance 
Total 
Performance 

Total 
Performance 

Total 
Performance 

RPF 0.102 0.468^   
 (0.270) (0.265)   
Public RPF & 
Pseudo BP 

  0.265 0.662^ 

  (0.372) (0.370) 
No Feedback, 
BP Only 

  0.0998 0.0591 

  (0.384) (0.358) 
Public RPF & 
BP 

  0.0334 0.336 

  (0.332) (0.337) 
Correct 
Answers 1st 
Round  

1.680*** 1.604*** 1.681*** 1.606*** 
(0.0587) (0.0607) (0.0592) (0.0607) 

Constant 2.523*** 4.162*** 2.468*** 4.009*** 
 (0.280) (1.012) (0.315) (1.088) 
     
Observations 180 180 180 180 
Adjusted R-
squared 

0.823 0.845 0.822 0.844 

Controls NO YES NO YES 
F test model 409.7  202.6  

Notes. Robust standard errors in parentheses Controls include education, major, gender, ethnicity, 
language, and age dummies. ˆ, **, and *** denote significance at the 10%, 5%, and 1% levels, 
respectively. 

Additional Analyses 

We conduct several additional analyses to examine the robustness of our findings. First, 

we test our design without providing any best practice video to see if coefficient of interest 

changes significantly. A negative coefficient would provide further proof supporting H3, 
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and generalize the findings of Turkoglu and Tucker (2022). Second, we test if we 

generalize our findings on knowledge sharing and best practice adoption in the 1st 

experiment, using data from 2nd experiment. Finally, we test the main result on 

performance using an alternative specification.   

What’s the effect of RPF without best practices? 

Earlier Turkoglu and Tucker (2022) find that providing RPF without BP would 

deteriorate the overall performance of middle-ranked workers. In this experiment, we 

would like to test if we could replicate a similar observation. This experiment would serve 

as a baseline to show the isolated effect of proving RPF without using best practices. We 

run this following the same experimental design in this study. Specifically, we use neither 

pseudo nor actual best practice video treatment in any conditions. For this experiment, 300 

participants consented, out of which 79 were removed by experimental software due to an 

unsatisfactory tutorial phase.  In addition, 19 participants would not be able to continue the 

study once the previously determined capacity of 200 participants or more had already 

submitted their study, leaving 204 observations for our analysis. In the experiment, 68 

participants receive either Public or Hybrid RPF between rounds, and the remaining 68 

participants serve as a control group who does not get RPF. Table 18 show the results. 
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Table 18 Effect of RPF on Total Performance, without BP 

 (1) (2) (3) (4) 

VARIABLES Total 
Performance 

Total 
Performance 

Total 
Performance 

Total 
Performance 

RPF -0.206 -0.434   
 (0.242) (0.267)   
Public RPF   -0.290 -0.467 
   (0.278) (0.286) 
Hybrid RPF   -0.120 -0.402 
   (0.289) (0.324) 
Correct 
Answers 
Round 1 

1.621*** 1.622*** 1.618*** 1.621*** 

 (0.0452) (0.0492) (0.0459) (0.0497) 
Constant 2.395*** 1.301 2.400*** 1.276 
 (0.231) (1.785) (0.232) (1.787) 
Observations 202 202 202 202 
Adjusted R-
squared 

0.851 0.856 0.851 0.855 

Controls NO YES NO YES 
F test model 646.6  424.4  

Notes. Robust standard errors in parentheses Controls include education, major, gender, ethnicity, 
language, and age dummies. ˆ, **, and *** denote significance at the 10%, 5%, and 1% levels, 
respectively. 

In model 2, we account for the controls, providing any type of RPF is associated with 0.43 

(p−𝑁𝑆)  point reduction in total scores. In model 4, accounting for all demographic 

controls, providing Public RPF or Hybrid RPF associated with 0.47 (p−𝑁𝑆)	and 0.40 

(p−𝑁𝑆) reductions in total score, respectively. Full results with all control variables are 

shown in Appendix B8, Table B.9. 

This result aligns with the findings of the 1st chapter, providing RPF without best practices 

does not improve the performance. Looking at this, we find further support, aligning the 
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main finding of the 2nd chapter, RPF when provided with best practices, effectively 

improves the overall performance of the middle-ranked workers.  

 

Do effects on KS and BPA robust? Evidence from the 2nd experiment  

Effects on Knowledge Seeking 

In the 1st experiment, we compare the effect of Hybrid and Public RPF with BP treatment 

on knowledge seeking. We conduct a similar test comparing the impact of providing Public 

RPF with pseudo and actual BP treatments to those without Public RPF.  

Table 19 Effects on Knowledge Sharing (KS), 2nd Experiment 

 (1) (2) (3) (4) 
VARIABLES KS KS KS KS 

RPF 0.753** 0.755**   
 (0.316) (0.360)   
Public RPF & Pseudo BP   0.607 0.595 
   (0.445) (0.495) 
No Feedback, BP Only   -0.269 -0.535 
   (0.463) (0.520) 
Public RPF & BP   0.637 0.403 
   (0.454) (0.517) 
Correct Answers Round 1 -0.183** -0.177** -0.186** -0.186** 
 (0.0772) (0.0879) (0.0773) (0.0875) 
Constant -0.215 0.490 -0.0739 0.709 
 (0.334) (0.756) (0.405) (0.782) 
Observations 180 167 180 167 
Controls NO YES NO YES 

Notes. Robust standard errors in parentheses Controls include education, major, gender, ethnicity, 
language, and age dummies. ˆ, **, and *** denote significance at the 10%, 5%, and 1% levels, 
respectively. 
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Table 19 shows the result. The logistic regression model results represent the odds of 

knowledge seeking for a given change in treatment. As predicted in H1A, both in models 

1 and 2, when we add the demographic controls, providing RPF significantly increases the 

log odds of knowledge seeking by 0.75 (𝑝 < 0.05), compared to the control group after 

accounting for the 1st round scores. Thus, these results continue to favor the predictions we 

have in Hypothesis 1A. 

In models 3 and 4, we show the effect of individual treatments on knowledge 

seeking. Model 3 indicates that compared to the baseline group, RPF with Pseudo BP, and 

RPF with BP conditions are associated with a 0.67 (p−𝑁𝑆), and 0.64 (p−𝑁𝑆) point 

increase in the odds of knowledge seeking, respectively. On the other hand, BP without an 

RPF condition associates with a 0.27 (p−𝑁𝑆) point decrease in the odds of knowledge 

seeking. In Model 4, when we add the control variables, none of the coefficients changes 

a direction or significance.  

Table 20 shows the marginal effects of RPF on knowledge seeking, for more 

straightforward interpretation. In models 1 and 2, probably of knowledge seeking 

significantly increases by 0.18 (𝑝 < 0.05), with RPF compared to control while we hold 

other variables constant at their means. Model 3 shows the marginal effect of providing 

RPF with Pseudo BP and RPF with actual BP treatment increases the knowledge seeking 

by 0.14 (p−𝑁𝑆) , and 0.15 (p−𝑁𝑆) , where providing BP without RPF decreases the 

likelihood of knowledge seeking by 0.06 (p−𝑁𝑆), compared to control. Although not 

statistically significant, the opposite direction of the relationship among the treatment 

coefficients with and without the RPF, provides further support to H1A that RPF positively 
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associates with knowledge seeking behavior compared to no RPF condition. With these 

analyses we show that the documented effect of providing Hybrid RPF on knowledge 

seeking, can be generalizable with another type of rank feedback, Public RPF. Thus, we 

conclude that our results in H1A are robust and replicable with external studies. 

Table 20 Marginal Effects on Knowledge Sharing (KS), 2nd Experiment 

 (1) (2) (3) (4) 
VARIABLES KS KS KS KS 

RPF 0.178** 0.182**   
 (0.0747) (0.0869)   
     
Public RPF & Pseudo BP   0.145 0.146 
   (0.104) (0.120) 
No Feedback, BP Only   -0.0566 -0.115 
   (0.0973) (0.111) 
Public RPF & BP   0.152 0.0982 
   (0.107) (0.125) 
Correct Answers 1st Round -0.0434** -0.0427** -0.0440** -0.0449** 
 (0.0181) (0.0211) (0.0182) (0.0210) 
Observations 180 167 180 167 
Controls NO YES NO YES 

Notes. Robust standard errors in parentheses Controls include education, major, gender, ethnicity, 
language, and age dummies. ˆ, **, and *** denote significance at the 10%, 5%, and 1% levels, 
respectively. 

Effects on Best Practice Adoption 

Similar to the effect on knowledge seeking, we test the robustness and 

generalizability of our results in 1st experiment by extending the analysis with the data from 

the 2nd study. We observe that the effect of RPF on BPA aligns with the main results. Table 

21 shows that, aligned with our hypothesized relationship, In model 2, with demographic 
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controls, providing RPF increases the BPA by 0.07 point (p−𝑁𝑆) compared to the baseline 

group, -no RPF. 

Table 21 Effect of RPF on BPA, 2nd Experiment 

 (1) (2) (3) (4) 
VARIABLES BPA BPA BPA BPA 
RPF -0.217 0.0708   
 (0.239) (0.237)   
Public RPF Null BP   -0.123 0.190 
   (0.302) (0.328) 
No Feedback BP Only   0.741** 0.844** 
   (0.341) (0.356) 
Public RPF and BP   0.445 0.781** 
   (0.328) (0.332) 
BPA 1st Round 1.083*** 1.083*** 1.090*** 1.076*** 
 (0.118) (0.128) (0.118) (0.126) 
Correct Answers 1st Round 0.390*** 0.321*** 0.387*** 0.332*** 
 (0.0856) (0.0883) (0.0858) (0.0885) 
Constant 1.322*** 1.146^ 0.946*** 0.666 
 (0.239) (0.671) (0.273) (0.692) 
Observations 180 180 180 180 
Adjusted R-squared 0.738 0.765 0.746 0.776 
Controls NO YES NO YES 
F test model 210.3  142  

Notes. Robust standard errors in parentheses Controls include education, major, gender, ethnicity, 
language, and age dummies. ˆ, **, and *** denote significance at the 10%, 5%, and 1% levels, 
respectively. 

In models 3 and 4, we show the effect of individual treatments on best practice 

adoption. Model 3 indicates that compared to the baseline group, providing BP even 

without RPF is associated with a 0.74 (p<0.05) increase in BPA.   
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Table 22 Effect of RPF on Perceived BPA, 2nd Experiment 

 (1) (2) (3) (4) 
VARIABLES BPA 

Perceived 
BPA 
Perceived 

BPA 
Perceived 

BPA 
Perceived 

RPF 0.289** 0.197   
 (0.121) (0.136)   
Public RPF & 
Pseudo BP 

  0.367** 0.276 
  (0.172) (0.186) 

No Feedback, BP 
Only 

  0.162 0.210 

   (0.179) (0.184) 
Public RPF & BP   0.375** 0.327** 
   (0.162) (0.165) 
Correct Answers 1st 
Round  

-0.0785^ -0.0767 -0.0789^ -0.0741 

(0.0452) (0.0518) (0.0459) (0.0531) 
Highest Ratio Item  
Pick in 1st Round 

0.0536 0.0736 0.0558 0.0728 
(0.0588) (0.0714) (0.0592) (0.0721) 

Constant 3.696*** 3.846*** 3.612*** 3.727*** 
 (0.130) (0.339) (0.149) (0.349) 
Observations 180 180 180 180 
Adjusted R-squared 0.032 0.003 0.026 -0.000 
Controls NO YES NO YES 
F test model 3.714  2.370  

Notes. Robust standard errors in parentheses Controls include education, major, gender, ethnicity, 
language, and age dummies. ˆ, **, and *** denote significance at the 10%, 5%, and 1% levels, 
respectively. 

Model 4 adds the control variables. Compared to baseline, both BP only and RPF with BP 

conditions are associated with 0.84 (p<0.05). and 0.78 (p<0.05) point increase in best 

practice adoption. Post-regression tests show that there is not a statistically significant 

difference between the two. These results further support our main analysis that providing 
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RPF with BP is associated with increased best practice adoption.  

We capture the effect of RPF on perceived BPA, which further supports the H2. 

Table 22 shows the results.  In model 1, providing any BP with RPF is significantly 

associated with a 0.29 (p<0.05) point increase in the perceived BPA. In model 2, when we 

account for the demographic controls, RPF continues to affect perceived BPA positively 

yet is no longer significant (β=0.20, p−𝑁𝑆). In Model 3, both RPF & pseudo-BP and RPF 

& BP significantly increases the Perceived BPA by 0.37 (p<0.05) and, 0.38 (p<0.05) point 

respectively. In model 4, accounting for demographic variables, we see that Public RPF 

with BP drives the positive effect on Perceived BPA with a statistically significant 

coefficient (β=0.32, p<0.05). With these results, we provide further support that RPF 

improves the best practice adoption.  

Specification Check for the Total Performance  

Angrist and Pischke (2008) recommend using an OLS specification because it is 

flexible and provides a straightforward interpretation. Nonetheless, we could use a Poisson 

specification because our outcome variable, total performance, is a count. The Poisson 

specification fits our data because our data shows no over dispersion and the goodness of 

fit test is not statistically significant.  

Table 23 shows that, in Column (2), any RPF treatment and, in column (4), Public 

RPF with Pseudo BP treatment continue to be statistically significant and positively 

associated with overall performance. Column (2) shows that compared to no RPF, the 

expected log count for the total score increases by about 0.09 (p<0.05) after accounting for 
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the control variables. Likewise, Column (4) shows that compared to no RPF, Public RPF 

with Pseudo BP is associated with a 0.1 (p <0.1) increase in total expected log counts of 

the overall performance. These results confirm that our main findings are robust to model 

specification. 

Table 23 Poisson Specification, The Effect of RPF on Total Performance 

 (1) (2) (3) (4) 
VARIABLES Poisson Total 

Performance 
Poisson Total 
Performance 

Poisson Total 
Performance 

Poisson Total 
Performance 

RPF 0.0149 0.0873**   
 (0.0398) (0.0375)   
Public RPF & 
Pseudo BP 

  0.0158 0.0998^ 
  (0.0549) (0.0542) 

No Feedback, 
BP Only 

  -0.0153 -0.0247 
  (0.0540) (0.0537) 

Public RPF & 
BP 

  -0.00127 0.0444 
  (0.0533) (0.0490) 

Correct 
Answers 1st 
Round  

0.169*** 0.165*** 0.169*** 0.166*** 
(0.00977) (0.00944) (0.00979) (0.00960) 

Constant 1.445*** 1.577*** 1.453*** 1.384*** 
 (0.0555) (0.111) (0.0560) (0.116) 
Observations 180 180 180 180 
Controls NO YES NO YES 

Notes. Robust standard errors in parentheses Controls include education, major, gender, ethnicity, 
language, and age dummies. ˆ, **, and *** denote significance at the 10%, 5%, and 1% levels, 
respectively. 

Discussion and Conclusion 

In this chapter, we investigate the effect of RPF and BP on the overall performance 

of middle-ranked workers through a series of experiments. We specifically focus on the 

middle-ranked workers, as (1) they constitute most of the workforce, (2) common RPF 
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types in literature do not effective at motivating them, and lastly (3), to the best of our 

knowledge, no study offers an RPF that improves the performance of the middle-ranked 

workers. We design a graphical experimental interface where we can keep track of the 

participants' decisions to test whether RPF with best practices influences knowledge 

seeking behavior, best practice adoption and overall performance. In the first experiment, 

we measure the effect of providing Hybrid or Public RPF on knowledge seeking behavior 

and best practice adoption. We find that RPF that publicly discloses top performers 

effectively induces the knowledge-seeking behavior of middle-ranked workers, which, 

when combined with best practices is effective at inducing best practice adoption.  

In the second experiment we turn our attention to the incremental effect of 

providing an RPF that publicly discloses top performers and a best practice tip on worker 

performance. Since we did not find evidence that Hybrid RPF is superior to the Public RPF 

in both knowledge seeking and best practice adoption, we continue our investigations in 

the second experiment with Public RPF as it is a more established and widely used metric 

in the literature, and the results we acquire would allow us to make direct comparisons with 

other studies in literature. Using an online experiment, we isolate the effect of providing a 

best practice, and the joint effect of implementing both simultaneously. We show that 

performance improvements are associated with best practice adoption, which stems from 

the joint implementation of RPF and best practices that result in superior worker 

performance compared to implementing best practices without an RPF. 

Our work has several contributions to behavioral operations, operations 

management, performance feedback, and best practice literature. First, we contribute to the 
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work of Tucker et al. (2007), and KC et al. (2013) which show the challenges beyond 

internal knowledge transfer and best practice adoption by documenting rank-based 

feedback, RPF, as a mechanism that help disseminate knowledge within organizations in 

the form of knowledge seeking, and best practice adoption which directly improves 

operational efficiency. 

Second, our work contributes to operations management literature by showing joint 

use of RPF and BP as management tools to improve operational efficiency with 

interventions focusing on employees. Our findings resonate with those of Song and Tucker 

(2018), who observed that implementing best practices with RPF enhances worker 

productivity. To our knowledge, we are the first study which teases apart the effect of RPF 

and BPS in laboratory settings and documents the causal relationship that combining RPF 

with BP leads to enhanced productivity. 

Our third contribution enriches the body of literature developed by (Szulanski 1996, 

Argote and Ingram 2000, Argote 2012) who documented the challenges inherent in 

successful best practice adoption. We provide evidence that tangible best practice adoption 

may not occur immediately, even if participants recognize its effectiveness and agree on 

the future utility of the shared practices. From the results of our initial experiment, it's 

evident that RPF predominantly influences perceived BPA. This metric gauges the 

performer's perception of the relative effectiveness and potential future adaptations of the 

best practice tip. However, even among those who deem the tip effective and worthy of 

adoption, there's an absence of clear indicators of successful adaptation in the subsequent 

round. This suggests a time-lag in the effective implementation of practices. This 
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observation aligns with and augments the argument made Song et al. (2018) hat the 

implementation of best practices is a gradual process, gaining efficacy over time. 

Finally, we contribute to Turkoglu and Tucker (2022) by presenting evidence that 

the adverse impact of RPF on mid-tier workers can be reverted when paired with best 

practices. This demonstrates that when workers are both motivated to enhance their 

performance and equipped with the tools to do so, achieving performance improvements 

becomes feasible. In this context, we identify a boundary condition wherein RPF serves as 

a tool to bolster the overall performance of middle-ranked workers, rather than causing 

harm. 

Our study has practical implications for service operations. Managers should 

implement rank feedback with caution and equip it with necessary information, such as 

best practices, as study results show that providing both RPF and best practices are vital to 

have the most performance improvements for the middle-ranked employee. With this 

combination, first, workers are made aware that they need to increase their effort to get 

better, then they are offered an opportunity to show how to get better at the task. When 

workers are motivated to exert more effort and have the knowledge to improve, they tend 

to perform better. This contrasts with scenarios where workers possess potentially helpful 

information but lack the drive to enhance their performance. This would be profoundly 

critical for new employees to adjust smoothly to their workplace. This will help reduce 

their learning curve, preventing them from feeling stressed or discouraged if they initially 

perform at an average level. Upward social comparisons can cause these employees to have 
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negative feelings about their performance. This, in turn, can lead to inefficiencies in 

operations, decreased work engagement, and a higher turnover rate within the business. 

Our study has several limitations. First, we keep our study limited to middle-ranked 

performers. The effect on the tails of the distribution would likely to be significantly 

different than what we would find here. Another limitation is that we do not know the long-

term effect of implementing RPF and BP over time. Our feedback does not allow us to 

iterate feedback in multiple rounds due to the deceptive nature of the feedback which shows 

all participants in the middle regardless of the actual performance. Our participants are not 

from the same social circle, i.e., the same workplace, so social ties among participants are 

relatively week. Social ties and known co-workers are shown to affect performance (Mas 

and Moretti 2009, Blanes i Vidal and Nossol 2011, Tan and Netessine 2019). We do not 

provide performance compensation; our setting neither incorporates bonuses nor 

tournament schemes where the winner takes all. These schemes and performance-based 

payments are known to affect operational performance. Further research is necessary to 

extend the findings of this study to more generalizable settings. 

Concluding Remarks 

Our research reveals that rank feedback, a prevalent management tool, can enhance 

operational performance when paired with best practices that guide workers in refining 

their skills. The findings indicate that RPF effectively boosts both the knowledge seeking 

behavior and adoption of best practices when available, leading to improved performance 

in middle-ranked workers. Our research demonstrates that when combined with essential 

tools like knowledge transfer via adoption of best practices, decision-makers can employ 



 

 

100 

more effective strategies to motivate their employees using rank-based feedback. This 

approach counters the previously documented negative effects that solely relying on rank-

based feedback has on middle-ranked worker. 
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CHAPTER THREE  

ALGORITHMIC SUPERVISOR: ENHANCING WORKER PERFORMANCE IN 

SERVICE OPERATIONS THROUGH ARTIFICIAL INTELLIGENCE 

Introduction 

Service scripting is an employee management tool that is being used in the process 

of designing and implementing standardized guidelines, and procedures for employees to 

follow when interacting with customers (Tansik and Smith 1991, Victorino et al. 2012, 

Zeithaml et al. 2017). Service scripts are used in a wide variety of customer service settings, 

such as call centers, retail, and online support (Aksin et al. 2007) and may be associated 

with lower ratings of service quality (Victorino et al. 2013), despite the aim for improved 

operational efficiency (Victorino et al. 2012).  

Table 24 Hypothetical Examples of Service Encounters that Use Service Scripts in a 

Monotonous, Robotic Manner 

Call Center Example Healthcare Example 
Jane is having trouble logging into her bank account 
and calls the bank's customer support to resolve the 
issue. The call connects, and Customer Service 
Representative (CSR) Mike, bound by a script greets 
Jane. He asks Jane for her name and proceeds with 
verification questions. Jane answers the questions. 
Mike begins asking Jane a series of questions about 
her account history, strictly following a script. Jane 
becomes increasingly frustrated as the questions do 
not address her problem directly and she waits for the 
opportunity to discuss her specific concern. Jane 
expresses frustration and dissatisfaction which Mike 
is unable to address. Mike must continue to follow the 
prescribed routine. After completing the sequence, 
Mike informs Jane that she will be transferred to a 
technical support specialist. Jane feels annoyed, as she 
has already spent a significant amount of time 
answering questions without any resolution. Mike 

Sarah works as a triage nurse (TN) at an 
urgent care clinic, serving a point of 
contact for incoming patients. On one 
occasion she greets a patient, Vic, 
asking, "What is the nature of your 
medical issue?". Vic describes stomach 
pains, but she continues with, "Have 
you fallen or injured yourself?" Vic 
becomes frustrated, feeling unheard. 
She pauses before continuing, "Are you 
experiencing allergies?", further 
frustrating the patient. Her own 
frustration grows as she asks "Have you 
been outside the country recently?" 
Often patients leave dissatisfied, 
recognizing the lack of personalized 
attention, while nurses wrap up each 
case feeling disconnected, unhelpful 
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transfers Jane, thinking about how the disconnection 
between what he wants to say and what the script 
allows him to say erodes his job satisfaction. He 
finishes each call feeling defeated, unable to provide 
the personalized service he knows the customers need. 

and underutilized – leaving them to 
question their authenticity as healthcare 
providers. 

However, as Victorino et al. (2012) shows, service scripts are associated with the 

monotony, repetition and roboticism depicted in the hypothetical examples in Table 24. 

Prior study has shown that the use of service scripts can lead to a negative employee 

experience in the form of work disengagement, loss of authenticity and job satisfaction 

(Grandey et al. 2005, Groth et al. 2006). The loss of employee engagement due to strict 

adherence to such pre-determined flows by an agent in turn contributes to the customer's 

dissatisfaction and disconnection from the support process through emotional contagion 

(Bailey et al. 2001, Pugh 2001, Lin and Lin 2011), with tangible impacts to company 

profitability as modelled by service-profit chain (Heskett et al. 1994, Sasser et al. 1997, 

Heskett et al. 2008).   

Despite the recognized challenges, organizations continue to use scripts in 

customer service interactions. Meanwhile CSRs often exhibit reluctance to comply with 

service scripts as service scripts may limit flexibility in responding to unique customer 

needs and may not adequately address all possible customer concerns (Dean 2004, Grandey 

et al. 2005). A recent field study examined call center agents' compliance with sales scripts, 

finding that despite the presence of monetary incentives, adherence to the scripts was only 

at 20% (Allcott and Sweeney 2017). This observation implies that compliance is not solely 

driven by the prospect of personal gain.  

Artificial Intelligence (AI) technologies could provide a solution for organizations 
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to deliver scripts in a cost-efficient way without harming the customer satisfaction, thereby 

pushing the service-efficiency frontier (Frei 2006).  AI refers to a set of technologies that 

allow machines to perform tasks that would normally require human intelligence, such as 

recognizing speech, identifying patterns in data, or making decisions and problem-solving 

based on logic or if-then rules (Davenport and Ronanki 2018). AI is now a key driver 

behind the rapid expansion of new business models (Terwiesch 2019). The integration of 

AI into customer service encounters has revolutionized the way businesses interact with 

their customers, enhancing customer experience, streamlining service delivery, and 

optimizing resource allocation. Major technology companies developed smart assistants 

relying on AI to communicate with customers in certain service encounters like Apple's 

Siri, Microsoft's Cortana, Google Assistant, and Amazon Alexa, which mainly interact 

through voice communication (Clark et al. 2019). However, despite its widespread use, 

there is still a lack of empirical research that delves into understanding and measuring AI's 

functionality and optimal effectiveness (Terwiesch 2019, Terwiesch et al. 2020)Please 

refer to (Mithas et al. 2022), (T.-M. Choi et al. 2022) and (Olsen and Tomlin 2020) for a 

broader review of the history and trends of AI-related work in operations management 

literature.  

As algorithms have become more prevalent and the technologies behind them have 

advanced, questions remain about when and under what conditions users of these 

technologies will adopt their recommendations. Algorithm aversion, where individuals 

choose not to rely on algorithms despite their superior performance (Dietvorst et al. 2015, 

Mahmud et al. 2022) (Burton et al. 2020), poses a significant challenge to the successful 
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adoption of AI-based productivity tools in work settings. More recently, academics have 

started investigating the factors that influence whether a user will accept or dismiss the 

advice given by algorithms (Mahmud et al. (2022) offers a systemic review of algorithm 

aversion). Most of this research has been carried out in controlled lab environments, and 

findings indicate that individuals are less inclined to rely on an algorithm if they have 

witnessed its failure (Dietvorst et al. 2015), have limited control over the predictions it 

generates (Dietvorst et al. 2016), are in situations where decisions are more subjective or 

when there is no human expert available for consultation, and also if individuals regard 

themselves as experts (Logg 2017). 

In the Operations Management literature, studies conducted in both service settings 

(Caro and Cuenca 2023) and manufacturing settings (Sun et al. 2022) indicate that 

adherence to algorithmic decision supports might be limited. However, this adherence can 

be enhanced either by altering the presentation method or by tweaking the algorithmic 

recommendations to make it more “human-centric”. The present study provides further 

evidence that algorithm aversion is not universal as we see real-time feedback delivered by 

artificial intelligence results in higher levels of compliance with service scripts and 

improved worker productivity in a call center.   

Much of the study of AI in service settings has centered on automation, where 

machines replace human workers entirely, whereas AI augmentation, where machines 

support human users rather than replacing is emerging (Raisch and Krakowski 2020, 

Spring et al. 2022). A simple example of automation would be the deployment of chatbots 

to handle customer inquiries, returns, and refund processes to automate the online channels 
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or product recommendations to shop in online channels (i.e. Amazon) (Rapp et al. 2021, 

Mahmud et al. 2022). Prior research in Operations Management (OM) that delves into AI 

automation focuses on the impact of various AI-driven features, delivered by chatbots and 

automated algorithms specifically within realms such as price inquiries (Cui et al. 2022), 

order decision processes (Li and Li 2022), voice-based call handling in call centers (Wang 

et al. 2022), and various pricing strategies (Karlinsky-Shichor and Netzer 2023). Please 

refer to the (Wirtz et al. 2018) for a detailed study on the role of automated service robots 

and AI technologies in service encounters.  

In accordance with prior research encouraging companies to take an incremental 

approach to AI implementation and focus efforts on augmenting rather than replacing 

human capabilities (Davenport and Ronanki 2018), we examine an AI augmentation case. 

Such cases include the use of AI in assisting bankers to identify customers for credit, or in 

assisting healthcare practitioners to diagnose diseases (Acharya et al. 2018, Mahmud et al. 

2022).  In these cases, the AI provides a preliminary screen while the expert banker or 

practitioner makes the final decision.  

An AI augmentation approach may be particularly important in call centers as 

customers desire personalized attention and levels of empathy traditionally associated with 

human presence (Groth et al. 2006), while businesses strive for the efficiency and cost 

savings associated with the technology. The challenge that businesses face in balancing 

AI-based operational effectiveness with human-centered service delivery is worth noting. 

While companies aim to optimize their processes to achieve cost savings and efficiency, 

they also need to ensure that AI enables the CSR to focus on improving measurable 



 

 

106 

performance outcomes such as  operational efficiency, quality of service and customer 

satisfaction to build loyalty and retain customers (Parasuraman et al. 1985). This requires 

companies to consider the emotional needs of their employees and ensure that CSRs are 

equipped with the necessary skills to provide empathetic and personalized support, which 

has a direct impact on organizational outcomes such as revenue and profitability via 

customer satisfaction and loyalty (Heskett et al. 1994, Zeithaml et al. 1996). Failure to 

address this could result in dissatisfied and disengaged employees causing internal service 

quality problems, higher turnover rates and eventually revenue loss and reputational 

damage on company (Harter et al. 2002, Saks 2006). 

In this chapter, we ask the following research questions: First, does access to real-

time AI-delivered feedback increase script compliance compared to traditional methods of 

human supervision? Second, does access to real-time AI delivered feedback result in 

improvements in the key employee performance metrics of operational efficiency, 

customer satisfaction and loyalty, quality of service? If so, can any performance 

improvements observed be attributed to increased script compliance? 

We collaborate with a North American outsourced call center to evaluate if an AI 

tool that offers immediate performance feedback on script adherence and guidance on 

language usage during customer service calls can address anticipated challenges. The AI-

support tool continuously monitors the calls for desired and undesired call characteristics 

to ensure service quality standards. While this method could potentially counter the 

negative effects of traditional script memorization and insincere service delivery, it might 

also introduce new drawbacks such as mistrust due to continuous monitoring and resistance 
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to accept algorithmic advice. 

In this study, we examine the impact of AI software on the adoption of algorithmic 

advice, specifically focusing on agent compliance as a potential mechanism to improve call 

efficiency as measured by handle time. Newly hired agents are randomly assigned to either 

a treatment or control group. The treatment group (“AI Access”) has access to the AI 

software assistance. The control group (“Control”) relies solely on conventional service 

training. Notably, we run the AI in the background for the control group such that these 

agents are unaware of its existence. This design choice allows us to assess deviations 

between human-led service training implementation and the AI's potential guidance if it 

were fully operational. Both groups work from home, and there is no interaction between 

them.  

We find that agents with AI Access deliver increased operational efficiency with 

lower call handle time and on par customer satisfaction and customer loyalty measures. AI 

Access is also associated with aspects of higher quality of service – perhaps allowing 

agents and customers to establish a higher level of rapport and respect during the calls. 

Furthermore, AI Access increases agents' likelihood to comply with call scripts, which 

mediates the positive effect of AI software on operational efficiency gains. We conclude 

by providing implications for theory and practice in front-line service operations. 

Literature Review and Hypothesis Development 

Service scripting aims to create a uniform and consistent experience for customers 

by establishing standardized procedures for employees to follow during service encounter 

(Lovelock and Wirtz 2004). This standardization ensures that customers receive the same 
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level of service quality, regardless of which employee they interact with. Implementing 

service scripts helps streamline operations and act as a fail-safe tool (Chase and Stewart 

1994) as employees can quickly reference the established guidelines when encountering 

new situations or addressing customer concerns (Metters and Marucheck 2007). Having a 

standardized process reduces the likelihood of errors, reduces response times, and improves 

overall operational efficiency (Batt and Moynihan 2002, Victorino et al. 2012). Service 

scripts can ensure consistency in service delivery and adherence to company standards, 

which is crucial for maintaining customer trust and satisfaction with true employee 

empowerment in customer contact environments (Chebat and Kollias 2000, Maxham III 

and Netemeyer 2002). This consistency can lead to more predictable service experiences, 

which may positively impact customer satisfaction (Oliver et al. 1997, Victorino et al. 

2012) or lead to perceptions of lower service quality (Victorino et al. 2013). 

Service scripting provides a foundation for employee training, offering clear 

guidelines on how to handle various customer interactions (Zeithaml et al. 2017). Service 

scripts can shorten training periods for new employees by providing a structured 

framework for customer interactions (Hartline and Ferrell 1996). This can lead to cost 

savings and faster integration of new employees into the customer service department 

(Heskett et al. 1994, Heskett et al. 2008). This makes it easier for employees to learn their 

roles and responsibilities, ultimately leading to better customer experiences. Service scripts 

can reduce the cognitive load on employees by providing guidance during customer 

interactions, which can help prevent employee burnout and contribute to higher levels of 

job satisfaction (Rafaeli 1989, Holman et al. 2002, Grandey et al. 2005). This can help 
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employees feel more confident and less stressed in their roles, potentially leading to better 

job performance (Jong et al. 2006). 

It is well-established that front-line service is fraught with customers displaying 

negative moods or attitudes, which may contribute to heightened levels of burnout and 

emotional exhaustion for service representatives (Grandey et al. 2004). A recent study 

shows that negative customer emotions during the call increase the emotional load on 

agents, which in turn decreases operational efficiency by increasing agent response time to 

the customers (Altman et al. 2020). Service scripts may exacerbate the issues as they 

constrain the CSRs flexibility required in dealing with specific customer requirements and 

might fail to address all potential customer issues adequately (Grandey et al. 2005). As a 

result, customer service representatives may be unable to provide tailored solutions, 

leading to customer dissatisfaction (Zeithaml et al. 1988). Moreover, rigid adherence to 

service scripts may result in employee disengagement, reduced level of employee 

empowerment as employees may feel their autonomy and creativity are stifled (Chebat and 

Kollias 2000). Over time, this may lead to decreased job satisfaction, sense of authenticity 

and work motivation; increased turnover rates, and a negative impact on the quality of 

customer service (Holman et al. 2002, Grandey et al. 2005, Groth et al. 2006). 

Employee’s infrequent use and non-compliance with traditional service scripts can 

have significant implications on service outcomes including reduced efficiency and service 

quality (Rafaeli 1989, Harris and Ogbonna 2002). Employees may resist scripts that limit 

their autonomy and spontaneous reactions during service encounters (Groth et al. 2006). 

Implementing scripts as standardized work routines can create a sense of inauthenticity 
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among employees when they are forced to behave in a manner that does not align with their 

individual values or allow expression of genuine emotion (Grandey et al. 2005, Groth et 

al. 2006). A field study examining call center agents' compliance with sales scripts finds 

that despite the presence of monetary incentives, only 20% of the time scripts were adhered 

to (Allcott and Sweeney 2017). Thus, companies are not achieving the benefits they seek 

from using service scripts and identifying non-monetary motivations toward script 

compliance would be of practical interest. 

AI technologies, such as natural language processing (NLP), machine learning 

(ML), and deep learning, can be used to mitigate the drawbacks of service scripts in the 

context of operations management. However, despite AI’s widespread use a key driver 

behind the rapid expansion of new business models, there is a lack of empirical research 

that delves into understanding and measuring AI's functionality and optimal effectiveness 

OM scholars studied many applications of AI techniques for operations management 

covering various subjects such as, scheduling process planning, quality, maintenance and 

fault diagnosis (Kobbacy et al. 2007). Recently published works that study AI technologies 

primarily focus on how AI automation affects organizational performance. Some studies 

highlight negative consequences, such as how stock ordering automation can adversely 

affect the supply chain (Li and Li 2022). In contrast, others underscore positive outcomes, 

including AI automation's role in reducing customer complaints in call centers (Wang et 

al. 2022), enhancing profit through AI-driven price recommendations for salespeople 

(Karlinsky-Shichor and Netzer 2023), and leveraging AI to boost process quality in 

manufacturing environments (Senoner et al. 2022). Considering the use of AI and 
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associated tools for improving operational decision-making,  studies by Lau et al. (2018), 

Chang et al. (2021), and Zhu et al. (2021) have demonstrated how big data and machine 

learning can enhance demand forecasting and predictions. Meanwhile, insights from Cohen 

(2018), Swaminathan (2018), Ellis et al. (2018), Geva and Saar‐Tsechansky (2021), and 

Yang et al. (2022) revolve around the application of AI and data-driven methodologies for 

optimizing pricing, stock management, and humanitarian tasks. Another set of scholars 

emphasize the advantages of big data analytics in fostering superior decision-making in the 

healthcare sector (Helm et al. 2016, Hopp et al. 2018, Queenan et al. 2019, Nenova and 

Shang 2022).  

However, despite the promise of AI Access, to our knowledge, little research has 

explicitly examined the effect of AI script support on employee performance. A few studies 

on AI applications in service environments exist, primarily testing AI automation cases. 

(Cui et al. 2022) documents the successful implementation of AI chatbots in a field study 

investigating an AI-automation application used to request wholesale pricing quotes in a 

B2B manufacturing environment. Their study shows the superiority of AI automation over 

human decision makers when the effectiveness and dominance of AI algorithm over final 

decision has been clearly communicated to the other party. (Wang et al. 2022) examines 

the impact of a voice-based AI system in call centers on customer behavior and 

performance compared to the performance of traditional automation response system 

known as interactive voice response. While their study doesn't demonstrate improved 

operational efficiency in terms of reduced call durations, it does highlight a case where AI 

automation led to enhanced service performance. This is particularly evident in the 
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decrease of customer complaints, a pivotal metric in measuring the improved service 

experience. Other scholars work on how to achieve human adoption of generative AI 

algorithms with the aim of enhancing operational performance. (Sun et al. 2022), shows 

that human adoption of AI recommendations in manufacturing settings can be improved 

by when algorithms are modified to account for anticipated human deviations. For 

example, individuals may revert to simpler, suboptimal decisions when faced with 

algorithmic recommendations perceived as overly complex, or they may choose feasible 

solutions based on superior information that they possess compared to the algorithm. 

Similarly (Caro and Cuenca 2023) demonstrate that when algorithmic recommendations 

are tailored to account for human biases, they can lead to improved decision-making and 

potentially better operational performance in service settings. For instance, to overcome 

the salience of inventory bias -prioritization inventory depletion over revenue 

maximization, the goal of maximizing revenue, rather than just depleting inventory, should 

be clearly communicated. Additionally, to mitigate cognitive load bias – humans’ 

reluctance to change, a reference metric on realized revenue could be provided to make 

price recommendations more interpretable. Moreover, to address status quo bias, the design 

of the algorithmic interface could move away from traditional decision support reports. In 

contrast to these studies, we document evidence that real-time feedback in an AI-

augmentation implementation improves operational efficiency and overcomes CSRs 

reluctance to use scripts in service operations (Dean 2004, Allcott and Sweeney 2017), thus 

providing further evidence against algorithmic aversion. (Dietvorst et al. 2015, Logg 2017, 

Burton et al. 2020, Sun et al. 2022). 
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Script Compliance via AI-Based Monitoring and Real-Time Feedback  

Implementing an AI-based monitoring system with timely feedback may reinforce 

script adherence as monitoring plays a crucial role in promoting service process 

compliance (i.e. script) in organizations Although the effect of monitoring on script 

compliance and employee performance is multifaceted. Spitzmüller and Stanton (2006) 

finds that significant portion of employees form intentions to resist and circumvallate 

electronic monitoring practices. While thoroughly implemented monitoring can lead to 

increased compliance and performance quality, it can also result in unintended 

consequences, such as increased stress and burnout. The seminal work by (Aiello and Kolb 

1995) delved into the ramifications of electronic performance monitoring (EPM) in work 

settings. The study discovered that while EPM can amplify productivity and compliance to 

set protocols, it can also introduce higher stress levels amongst employees compare to non-

monitored employees. Holman et al. (2002) studies effect of monitoring on call centers, in 

which they document the downsides of performance monitoring. Their study shows that 

EPM may result in higher stress levels for employees, which can negatively impact their 

performance in the long run. The negative effects exacerbate when employee’s perceived 

intensity of monitoring, i.e, that there is no escape and that it is pervasive, is high and 

monitoring lacks clear performance criteria and positive feedback (Holman et al. 2002). 

(Jeske and Santuzzi 2015) shows the close electronic monitoring, i.e. via chat/phone 

recording, data entry or cameras significantly negatively associates with reduced employee 

job satisfaction and job commitment. (Tomczak et al. 2018) reports that monitoring 

systems, when implemented without prioritizing employee attitudes can have adverse 
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effects on employees in the form of decreased job satisfaction (Wells et al. 2007), decreased 

organizational commitment (Wells et al. 2007),  perceptions of unfairness towards 

managers (McNall and Roch 2009), and unwanted employee behaviors, i.e. absenteeism 

or engaging non-work related activities. 

Other research has shown that monitoring, when provided with feedback, may also 

create a supportive environment where employees are encouraged to comply with service 

scripts while also being given opportunities for continuous improvement and development. 

Monitoring with timely and positive feedback can lead to improved performance and 

increased compliance when employees perceive the monitoring as supportive, fair and 

aimed at improving performance (Chalykoff and Kochan 1989, Stanton and Julian 2002). 

Through monitoring, managers can detect deviations from service processes and intervene 

as needed, thereby improving overall compliance (Pierce et al. 2015). AI-based systems 

can provide managers with objective, data-driven insights into employee performance, 

leading to more effective decision-making (Brynjolfsson and Mcafee 2017). These systems 

can help identify performance bottlenecks, patterns, and areas for improvement, ultimately 

increasing overall efficiency over time (Agrawal et al. 2018). Additionally, monitoring can 

promote a sense of accountability among employees, potentially motivating them to adhere 

to prescribed service delivery processes. This increased accountability can result in higher 

script compliance, ultimately leading to enhanced service quality and customer satisfaction 

(Zeithaml et al. 1996).  Finally, (Tomczak et al. 2018) adds that adverse effects of 

monitoring on employee behavior can be mitigated, when these systems are implemented 

with an employee-first approach such as being transparent about monitoring, using 
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monitoring for employee learning and development (i.e. coaching), using monitoring only 

for clearly defined work-related activities. 

Feedback and coaching come with AI support could enhance employee compliance 

with service processes and scripts. The implementation of effective feedback and coaching 

has been linked to improved operational performance and efficiency (Smither et al. 2005). 

Feedback can serve as a reinforcement mechanism, promoting the desired behaviors 

associated with script compliance and linking adherence to positive outcomes such as 

improved service quality, customer satisfaction, and potential career advancement 

(Zeithaml et al. 1996, Karatepe 2011). . 

Though research find that feedback should be timely, specific, and balanced, 

highlighting both areas of strength and opportunities for development (London 2003, 

Hattie and Timperley 2007). This way organizations may create a supportive environment 

that encourages employees to comply with feedback while promoting personal and 

professional growth for agents (London 2003). In our design, AI Augmentation provides 

real-time feedback on an agent's adherence to both mandatory and optional service script 

items, ensuring specificity. Additionally, it offers coaching to enhance call characteristics, 

promoting personal and professional growth. Designed with precision, AI Access delivers 

balanced feedback, driving increased script compliance. AI feedback and real-time 

coaching could enhance employee performance by making the script more salient and 

easier to use, without requiring an agent effort, as AI tool works without requiring agent 

interaction to operate. This would inherently increase the perceived ease of use and 

usefulness of the AI tool, which are the two factors that improve the degree of algorithmic 
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adoption (Xiao and Kumar 2021). Moreover, the provision of instantaneous performance 

evaluations made possible through technological advancements can have a significant 

impact on employee engagement levels. AI augmentation could assist CSRs by providing 

real-time recommendations and insights during interactions, helping employees experience 

and enhanced support and encouragement (Huang and Rust 2018), which can facilitate 

their learning, and development process. This, in turn, can contribute to a more engaged 

and motivated employee that is better equipped yielding a better performance (Heskett et 

al. 2008) -see Motyka (2018) for systemic review on employee engagement and 

performance.  

However, it is important for managers to strike a balance between maintaining 

control over service encounters and allowing employees some degree of autonomy to adapt 

their interactions to the needs of individual customers (Solomon et al. 1985). In this way, 

organizations can foster script compliance while still promoting authentic and personalized 

service experiences (Grandey et al. 2005). Compared to the traditional management 

methods of monitoring and coaching, this AI supported approach offers the possibility of 

yielding a more holistic and constructive experience for the entire workforce. Given these, 

we hypotheses that improved script compliance mediates the effect of AI augmentation on 

increased operational efficiency. 
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HYPOTHESIS 1. Servers with access to AI-based script support experiences higher script 

compliance compared to servers with traditional script support (without AI access). 

Effect of AI Access on Operational Efficiency as a Measure of Employee Performance  

There is reason to believe that an AI augmentation implementation may improve 

operational efficiency. AI can increase the flexibility of service scripts by using NLP and 

ML algorithms to understand customer inquiries and adapt responses accordingly (Huang 

and Rust 2018). AI could improve human performance by assisting and amplifying their 

decisions and actions (Luo et al. 2019). In addition, increased automation decreases human 

error and makes the outcome more predictable in operations (Huang and Rust 2021). Given 

this, we predict that AI augmentation would reduce the call handle time as it continuously 

keeps the script checklist items visible during the call and provides visual supports on the 

ones CSR already mentions. This would reduce the time customer service representatives 

spend searching for relevant parts of script items, and decrease human fatigue, which 

(Huang and Rust 2018) identify as one way that AI enhances service operations. 

Maintaining the visibility of checklist items also improves CSRs consistency of utilizing 

same scripted procedure over and over thereby reducing the call handle time. Thus, we 

make the following hypotheses: 

HYPOTHESIS 2A. Servers with access to AI-based script support deliver higher 

operational efficiency as measured by shorter call handle times compared human servers 

without AI access. 

HYPOTHESIS 2B. Script compliance mediates the effect of AI -based script support on 

operational efficiency as measured by shorter call handle times. 
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Effect of AI Access on Customer Experience as a Measure of Employee Performance  

We continue our investigation of having AI access on employee performance with 

customer satisfaction and loyalty. Highly scripted interactions can be seen as impersonal 

and devoid of empathy, which may adversely affect the customer experience (Hartline and 

Ferrell 1996). Relying too much on service scripts can result in customer dissatisfaction 

and perceived lower service quality (Victorino et al. 2012, Victorino et al. 2013). Such 

negative consequences can impede the overall customer experience and hinder the 

development of long-lasting customer relationships (Heskett et al. 1994, Schweitzer et al. 

2018). Further research exploring the intricacies of employee-customer interactions and 

their influence on customer satisfaction and loyalty reveals that customers can identify the 

presence and use of service scripts, which can result in decreased service quality 

evaluations (Victorino et al. 2012, Victorino et al. 2013).  

AI augmentation may help avoid the negative outcomes of scripted interactions on 

the customer experience. The use of  various AI systems  and in service operations (i.e. use 

of chatbots) has been shown to result in improved customer satisfaction due to faster 

response times, greater personalization, and more accurate information provision (Gursoy 

et al. 2019). Recent research conducted on chatbot algorithms for sales calls demonstrated 

that AI chatbots were just as successful as human sales representatives in structured 

outbound call environments when customers were not informed of their interaction with 

the technology. However, when customers were made aware of the AI’s presence, their 

responses were significantly negative (Luo et al. 2019). Given there are many challenges 

related to adoption of AI to enhance customer experience (Bolton et al. 2018), these 
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findings bolster the importance for organizations to balance AI driven automation with 

customer needs, allowing for emotional connection in service encounters (Davenport et al. 

2020).  

While AI-driven service encounters can improve efficiency and effectiveness, there 

is reason to believe that the presence of AI may not lead to increased customer satisfaction 

and loyalty, as the technologies lack emotional intelligence and personalization capabilities 

(Y. Choi et al. 2020, Davenport et al. 2020). By design, AI augmentation increases the 

likelihood of emotional connection between agent and customer because of the presence 

of a human decision maker compared to AI automation. Huang (2018) noted that 

integrating empathy, emotion, and social intelligence in chatbot interactions can lead to 

increased customer satisfaction and loyalty. While there are challenges to implementing 

AI automation in service interactions (i.e. chatbots) without compromising customer 

satisfaction, AI-augmentation holds much promise (Davenport and Ronanki 2018, Raisch 

and Krakowski 2020). 

In our setting AI is utilized to augment the work of the human servers instead of 

replacing them, thus allowing agents some flexibility to tailor their responses while still 

being mindful of script requirements. The AI actively monitors and analyzes the ongoing 

interactions between customer service representatives and their clients. With AI access, 

CSRs no longer need to follow the exact flow of the checklist items of a traditional script. 

This approach reduces the need for CSRs to rely on script-memorization or awkwardly 

pause during conversations to refer to traditional scripts thus improving their ability to 

address specific customer needs during the call. The real time script support comes with 
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AI Access would allow more natural and human-like conversational dynamics either 

compared to AI automation and conventional scripting methods. Thus, CSRs can create a 

more engaging and satisfying customer experience. 

HYPOTHESIS 3. Servers with AI Access delivers better performance on customer 

experience measured by an increase in customer loyalty and satisfaction, compared to 

human servers alone.  

Effect of AI Access on Call Service Quality as a Measure of Employee Performance  

In addition, (White 2010) document’s that customers’ emotional experiences such 

as rapport, empathy and respect during service interactions are closely tied to their 

perceptions of service quality. Particularly for high-contact services such as call center 

interactions, emotion plays a pivotal role in shaping the perception and assessment of the 

service experience (Brady and Cronin Jr 2001, Mattila and Enz 2002). Huang Huang and 

Rust (2018) note that integrating empathy, emotion, and social intelligence in chatbot 

interactions can lead to improved customer experience. During each conversation, the AI 

listens for the desired and undesired call characteristics and provides visual cues to the 

agent when they are detected. This real-time feedback could help CSRs further tailor their 

conversations to ensure a proper language for more humane and friendlier language, thus 

yielding a higher quality of service. Thus, we hypothesis the following: 

HYPOTHESIS 4. Servers with AI Access delivers better performance on call service 

quality measured by and increase (decrease) in desired (undesired) call characteristics, 

compared to human servers alone. 
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Data and Research Settings 

We partnered with a North American outsourced call center that was engaged to 

conduct a bill collection campaign for a wireless telecom provider. The call center 

implemented an AI-based script support and coaching tool for their customer 

representatives in June 2020. This tool provides real-time script support to customer service 

agents during calls with ready-to-use sentences and scripts. A team of Supervisors defined 

a script, which was implemented into the AI support tool as a set of checklist items. These 

items help agents keep track of their compliance with mandatory items, such as a 

conversation opener or questions to engage customers in conversation, or even a smooth 

closing question that helps deliver a quality service for the customer. CSRs do not need to 

follow the strict order of the script items. Neither they had to rely on memory or pause 

during the call to go back and search to explore which prompt in traditional script serves 

best for the specific point comes up on the call. The AI tool gives agents a green checkmark 

as soon as the agent mentions what they supposed to say based on the focal checklist 

features. The AI library was loaded with variations of each item to allow agents some 

flexibility in the exact wording they use to comply. For instance, these following two 

questions would be considered equivalent: “Is there anything that could come up between 

now and then that would cause to postpone the payment?” Is there anything that could 

come up between now and the next time we talk that might cause you to postpone? 

Importantly, the AI support tool uses the information available to all agents during their 

initial training and does not invent or compile a new information that is not available to a 

CSR without an access to AI support tool.  
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In addition to the real time support and feedback, the AI software scans every call 

for changes in call service quality and provides coaching knowledge to CSR after every 

call. The software uses pre-defined communication skills as a measure of the call quality 

to capture the desired and undesired communication characteristics between CSRs and 

customers. The tool then analyzes the call and provides relevant coaching tips right after 

the call. Please refer to the variables section for the details of the communication skills.  

 In addition, the AI tool has a “notifications” feature, which scans every call for 

desired and undesirable characteristics. To illustrate better, pay attention to the following 

hypothetical instance, where CSR ask for a follow-up call: “How about we schedule a 

tentative meeting next week. As soon as agent mentions vague language, AI tool brings up 

a pop-up screen showing “tentative” as a red flag item and recommends CSR to re-phrase 

the sentence using word “firm” as a better option to schedule a follow-up call. The 

” Nice job, focusing on your
customer’s needs! You are
receiving this because when it
comes to keeping your focus on
your customer, your call raned
in the top 5% of all calls on
your team
-----------------------------------------
Is this helpful?

We heard you ask your customer
lots of questions on this call.
Nicely done. Remember that
questions will help you better
understand the customer’s
needs Make your conversation
engaging. Give the customer
plenty of chances to say “yes” and
buy into your offer.
-----------------------------------------
Is this helpful?

Questions

”You Language”

q Thank you for choosing
[name of the compony], my
name is [first name CSR]

q This call may be recorded
q Can I have your [first and
last] name please?

q For security purposes, would
you please verify your date of
*birth* or the last 4 of your
*social?

q I’m happy to help you with that
q Let’s get that taken care of for
you.

q May I have your phone number
you are calling about?

q This is an attempt to collect a
debt by a dept collector and any
information obtained will be
used for that purpose.

”Checklist”

q Thank you for choosing
[name of the compony], my
name is [first name CSR]

q This call may be recorded
q Can I have your [first and
last] name please?

q For security purposes, would
you please verify your date of
*birth* or the last 4 of your
*social?

q I’m happy to help you with that
q Let’s get that taken care of for
you.

q May I have your phone number
you are calling about?

q This is an attempt to collect a
debt by a dept collector and any
information obtained will be
used for that purpose.

”Checklist”

Try instead: “Firm”

”Tentative”

Figure 10 AI Tool Demo Screens for Script Checklist, Coaching, and Notifications 



 

 

123 

notification automatically disappears when CSR re-clarify the point. A sample re-frame 

would be as such: “Let me re-clarify. The meeting is actually a firm appointment on the 

calendar, but if you need to re-schedule, you can give me a call in my direct line. Please 

note that the example we provide here is shared only to illustrate how this feature works 

for other instances such as setting up a meeting during a sale call. In our study, these 

notifications are strictly related to the thirteen call characteristics we describe as 

communications skills, later in this section. Notice, “notifications” feature is optional 

feedback that comes with a clickable checkmark on the corner, which allows agent to close 

the notification if CSR prefers not to follow and avoid the distraction of a red flag that 

appears in front of his screen during the conversation. Figure 10 shows demo screenshots 

illustrating the features of the AI Access. On the left, AI tool provides coaching and 

feedback on one of the desired call characteristics “you language” right after the call. In 

the middle, AI provides script checklist support to the agent and marks them green as soon 

as CSRs mentions them. On the right, Figure 10 illustrates a demo screen representing the 

notification feature of the AI Augmentation. 

Empirical Design and Procedures: Our call center partner hired 26 new agents to 

work on a bill collection campaign. 14 agents were randomly assigned to the treatment 

group, where they would have access to the AI software while the remaining 12 agents 

constitute the control group, in which agents rely on traditional service training only. Note 

that this was conducted during the COVID-19 pandemic.  

Two human trainers provide training to all new hires during a two-week period. 

Agents were trained in their respective groups. After the training, a one-week nesting 
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period starts, where agents pick up calls under the intensive supervision of the trainers. 

Both groups are informed that there would be a planned software update on Day 1 of the 

campaign. The control group does not receive further information about the update, 

whereas the treatment group is given a demo of the AI functionality. For the control group, 

the AI software runs in the background allowing us to observe how the AI would have 

prompted agents, whereas AI software is visible on the desktop and interacts with agents 

for the treatment group. Due to the COVID-19 pandemic, all agents work from home and 

as they were all new employees, any concerns about contamination between them are 

minimized. Both have access to the same information, training, access to the same human 

supervision, and are subject to the same metrics and evaluations.  

Data: We used three datasets compiled from the three companies involved in the 

campaign: the wireless telecom provider, the outsourced call center, and the AI software 

company. Figure 11 below illustrates, the source, type, date and number of agent associates 

with each data used for analyses. The data for Customer Satisfaction and Loyalty was 

compiled at the wireless provider company, which asked customers to answer either a 

single-item loyalty or satisfaction question. The data from wireless company includes 122 

agent-call observations (50 for loyalty, 72 for customer satisfaction), including 19 agents 

(10 in treatment) in a 10-day sample period from June 3, 2020, to June 12, 2020. The 

Operational Data used in call handle time analysis was compiled at the outsourced call 

center. The data comprises 14690, agent-call observations belonging to 26 employees and 

two trainers, covering 50 days of campaign data from June 3, 2020, to July 23, 2020. We 

excluded data from two trainers (42 observations) and three agents who quit the job during 
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the 2 weeks training period and therefore had no interaction with customers (2,385 

observations).  

After data cleaning, we were left with 12,263 agent-call observations for 23 agents, 

of whom 11 are in the treatment group. treatment group. Call Checklist Compliance data 

was compiled at the AI software servers. The data initially covered 8,657 observations 

(3,887 observations belong to the control group from June 8 to July 29; 4,770 

observations). We merged two separate datasets using a unique Call ID during data 

processing. We further combined the Checklist Items dataset with the operational 

efficiency dataset to measure the effect of process compliance on the call handle time for 

agents with AI software access during calls. We ended up with 6,530 observations for 

which we have a unique call identifier and process compliance information. 

Independent Variable: The binary independent variable, AI Access, takes value 1 

for agents who receive real-time support from AI software during calls, and 0 for agents 

Call Center AI Company 

Operational 
Efficiency 

Data 

23 agents (11 AI 
Access), 
50 days, 

12263 call-agent 
observations 

Customer 
Satisfaction 
and Loyalty 

Data 

19 agents (10 
AI Access), 

10 days 
122 call-agent 
observations 

Compliance 
and Call 

Quality Data 

20 agents (10 AI 
Access), 
45 days 

6530 call-agent 
observations 

 

Wireless 

Figure 11 Representation of Data from Different Sources 
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whose interaction with AI software is limited to data collection without any interaction 

during calls. In the dataset, we have 12,984 call-agent interactions for 23 agents, of whom 

11 are in the treatment group. 

Outcome Variables: We use handle time as an outcome variable to measure the 

efficiency of call center agents. The handle time variable includes all subtasks occurring 

during a call, such as talk time, hold time, park time, post-call work time, and consult time. 

To measure the effect of the treatment on customers, we use loyalty and Customer 

Satisfaction variables. The loyalty variable indicates customers' likelihood to recommend 

the service to a friend or a third party on a 1 to 5 item scale where 5 indicates the highest 

level of recommendation. Customer satisfaction indicates customer’s satisfaction with the 

current phone call on a 1 to 5 item scale where 5 indicates the most satisfaction.  Customers 

get to answer either one of the questions but not both.                                                                                                                                                  

AI software monitors the call checklist items that agents use as part of the service 

script. Table 25 shows the script checklist items used in the study. The data includes nine 

checklist compliance items, including (1) greeting the customer, (2) getting the 

customer’s name, (3) pin number and (4) phone number, (5) confirming the call reason, 

(6) offering online service support, (7) offering help for what customer is calling about, 

(8) asking if the customer needs additional support, and finally (9) closing the call with a 

thank-you phrase.  
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Table 25 Call Script Checklist Items 

Checklist Item Sample Usage 

Greeting the customer Hi, thank you for choosing our company! My 
name is (name of the CSR) Mandatory 

Getting the customers’ name Can I have your first and last name please? Mandatory 

Pin Number For security, may I get your pin number to 
access your account? Mandatory 

Phone Number May I have the phone number you are calling 
about? Mandatory 

Confirming the Call Reason “Just to confirm” ... Did I get that right? Optional 

Offering Online Service 
Support 

For your convenience, we offer *online 
messaging support* which you can access from 
our (company) website 

Optional 

Offering help for what 
customer is calling about, 

I’m happy to help you with (the reason of the 
call) Optional 

Asking if the customer needs 
additional support 

I’m glad I was able to help you today. Is there 
“anything else” I can help you with? Optional 

Closing the call with a thank-
you phrase 

Thank you for choosing (name of the 
company). Have a great day! Mandatory 

We created a binary indicator, Compliance, that shows the likelihood of the agent’s 

compliance. Compliance equals to one if the total number of compliant items are at least 5 

or more out of 9 per agent per call. We use compliance variable to measure the effect of 

AI access on script compliance.  

We use communication skills as a measure of call quality. These communication 

skills include 13 items list including the use, and detection of “we language”, “you 

language”, “active listening”, “agreeability”, “credibility”, “empathy”, “justification”, 

“proactivity”, “questions”, “rapport”, “respect”, “urgency” and “weak language”.  

We (you) language defines instances where an agent uses any first-person (second 
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person) plural pronouns. Active listening checks off when an agent confirms or clarifies 

the customer's main point. Credibility checks off when the agent assures the customer that 

the agent's organization is credible. Empathy covers the agent's understanding of the 

customer's feelings or perspective. Agent offers reasoning behind a choice or statement for 

the justification skill. Proactivity checks off when the agent provides the reason behind a 

choice or statement. Questions skill detect whether an agent asks any questions. In rapport 

(respect), the agent uses friendly (respectful) language. In Urgency skill, the agent Express 

an implored sense of importance used during the conversation. Finally, AI detects weak 

language if the agent uses filler words or indecisive, vague, or hesitant language.  

Control Variables: In the data set, we control for call-specific variables, such as the 

number of times the customer was placed on hold during the call (“holds”) and the call 

disposition. The number of holds that occur during the call is a continuous variable. 

Additionally, we control for call disposition, which is a categorical variable that can take a 

value between 0 and 9. Call disposition refers to the categorization of an inbound or 

outbound call's outcome in a call center. It enables agents to assign an appropriate 

disposition code reflecting the call's result. Various reasons can lead to different call 

dispositions, such as Account Management, Agent Error, Call Disconnected, Campaigns, 

Complaints, Forced Logout, Information, Network Complaints, and Transferred to a 3rd 

Party. All of these call dispositions come pre-defined in the raw data. 

We do not find a significant difference in the analyses when controlling for the date, 

so we exclude the date from the analyses. For the customer satisfaction analyses, we 

construct a categorical variable called "call type" using call wrap categories as a control 
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variable. The call wrap covers the activities CSR handles on call-related tasks after ending 

a call. These actions may involve documenting the reason for the call in a data system, 

noting the outcome of the call and the next steps needed. The call wrap categories used 

during the campaign are Account Management, Complaints, Information, Network 

Complaints, and Loyalty. 

Results 

Effect of Treatment on Script Compliance 

We test the first hypothesis by modeling compliance variable as a binary measure 

of service script compliance. As we have explained in data section, binary compliance 

variable equals 1 if CSRs comply with 5 or more checklist features out of 9. In equation 

(3-1), we use logistic regression model to calculate the odds of script compliance as a 

function of the AI Access, by controlling for number of holds and call disposition variables 

we have described earlier. Logistic regression model of the knowledge seeking behavior is 

shown below, where 𝑌!	 equals 1 if compliance variable equals to 1 and 𝑋!	 represents the 

controls for call holds and dispositions for each CSR 𝑖 

 𝑌(𝑆𝑐𝑟𝑖𝑝𝑡	𝐶𝑜𝑚𝑝𝑙𝑖𝑎𝑛𝑐𝑒)! = 	𝛼" + 𝛼#𝐴𝐼𝐴𝑐𝑐𝑒𝑠𝑠! + 𝛼$𝑋!	 + 𝜀!	; (3-1) 

Table 26 shows our results. As predicted in H1, model 1 shows that AI Access 

significantly increases the odds of increased script compliance by 1.88 (𝑝 < 0.01 ), 

compared to control group. In model 2, where we include the number of holds during a 

call, having AI Access continue to significantly increase the odds of knowledge seeking by 

1.84  (𝑝 < 0.01)  compared to  the  baseline.  In  models  3,  controlling  for  number  call 
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Table 26 Effect of AI Access on Script Compliance 

 (1) (2) (3) (4) 
VARIABLES Compliance Compliance Compliance Compliance 
     
AI Access 1.878*** 1.837*** 1.965*** 1.887*** 
 (0.548) (0.525) (0.560) (0.514) 
Number of Holds 
During the Call 

 0.266***  0.257*** 
 (0.0633)  (0.0663) 

Constant -2.432*** -2.842*** -2.412*** -2.669*** 
 (0.235) (0.280) (0.415) (0.406) 
     
Observations 7,256 6,535 6,530 6,530 
Control for 
Number of Holds NO YES NO YES 

Control for Call 
Dispositions NO NO YES YES 

Clustered SE by 
CSR YES YES YES YES 

Notes. Robust standard errors in parentheses Controls include education, major, gender, ethnicity, 
language, and age dummies. ˆ, **, and *** denote significance at the 10%, 5%, and 1% levels, 
respectively. 

dispositions, CSRs with AI Access significantly associates (𝛽= 1.97, 𝑝 < 0.01 )with 

increased script compliance. In model 4, when we both account for number of holds and 

call dispositions, AI access again continues to significantly associates (𝛽= 1.88, 𝑝 < 0.01) 

with increased compliance. Thus, we find strong support for Hypothesis 1. point increase 

in the odds of knowledge seeking, respectively. 

Table 27 shows the marginal effect of having AI Access on script compliance. In 

model 1 probability of being more compliant with service scripts significantly increases by 

0.27 (𝑝 < 0.05), with AI script support tool, compared to control while we are holding 

other variables constant at their means. When we add the control variables one by one in 

model 2 and model 3, or all together in model 4, AI Access continues to significantly affect 

script compliance by 0.23 (𝑝 < 0.05, 0.25 (𝑝 < 0.05,	and 0.23 (𝑝 < 0.05 percent increase 
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with script compliance respectively.  

Table 27 Marginal Effects of AI Access on Script Compliance 

 (1) (2) (3) (4) 
VARIABLES Compliance Compliance Compliance Compliance 
     
AI Access 0.270** 0.235** 0.250** 0.235*** 
 (0.112) (0.0930) (0.102) (0.0886) 
Number of Holds  
During the Call 

 0.0341***  0.0320*** 
 (0.0104)  (0.0102) 

     
Observations 7,256 6,535 6,530 6,530 
Control for Number of Holds NO YES NO YES 
Control for Call Dispositions NO NO YES YES 
Clustered SE by CSR YES YES YES YES 

Notes. Robust standard errors in parentheses Controls include education, major, gender, ethnicity, 
language, and age dummies. ˆ, **, and *** denote significance at the 10%, 5%, and 1% levels, 
respectively.  

Effect of Treatment on Operational Efficiency 

We measure operational efficiency with handle time, which we model as a linear 

function of having AI Access while controlling for the number of holds during the call and 

different call disposition categories. In our specification, standard errors are clustered with 

respect to agents, to address the potential serial correlation and relax the assumption that 

standard errors are independent. We also include models that account for the agent random 

effects.  

Equation 3-2 represents the model specification where we model the effect on 

operational efficiency via handle time as a liner function of having access to AI 

Augmentation, where Xi denotes the controls for number of holds during the calla and call 

dispositions per CSR. 

 𝑌(𝐻𝑎𝑛𝑑𝑙𝑒	𝑇𝑖𝑚𝑒)! = 	𝛼" + 𝛼#𝐴𝐼𝐴𝑐𝑐𝑒𝑠𝑠! + 𝛼$𝑋!	 + 𝜀!	; (3-2) 
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Table 28 shows the main effect of having AI access on operational efficiency. 

Model 1 serves as a baseline where we do not include any control variables. In model 1, 

AI Access is not associated with lower call handling time. In Model 2, where we account 

for number of holds during the call and coefficient of interest becomes statistically 

significant (b= -135.4, p<0.05). In Model 3, when we also account for the call dispositions, 

coefficient of interest continues to be statistically significant for reducing call handle time 

(b= -133.5 p<0.05). The difference in treatment coefficient in models 2 and 3 are not 

statistically significant, means that adding call disposition does not yield a statistical 

difference. 

Table 28 Main Effect of AI Access on Call Handle Time -Operational Efficiency 

Variables (1) 
Handle 
Time 

(2) 
Handle 
Time 

(3) 
Handle 
Time 

(4) 
Handle 
Time RE 

(5) 
Handle 
Time RE 

AI Access  -51.23 -135.4** -133.5** -144.7** -138.2** 
 (53.03) (59.04) (60.34) (65.39) (67.10) 
Number of Holds 
During the Call 

 319.5*** 325.4*** 354.6*** 361.7*** 

  (28.28) (29.84) (28.39) (28.78) 
Constant 789.8*** 530.0*** 641.1*** 489.7*** 581.3*** 
 (30.7) (40.84) (35.15) (48.14) (46.50) 
Observations 12,263 12,263 12,263 12,263 12,263 
Adj R-squared 0.001 0.418 0.445   
Control for Number 
of Holds 

NO YES YES YES YES 

Control for Call 
Dispositions 

NO NO YES NO YES 

Clustered Standard 
Errors 

YES YES YES YES YES 

Notes. Robust standard errors in parentheses Controls include education, major, gender, ethnicity, 
language, and age dummies. ˆ, **, and *** denote significance at the 10%, 5%, and 1% levels, 
respectively. 

In Models 4 and 5 we incorporated agent random effects, as the number of 

observations per agent varies greatly with some agent having large number of calls, while 
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others having a relatively smaller number of calls in the dataset (minimum = 24 to 

maximum = 813). Random effect models allow us to take advantage of the information 

from all clusters including one with small and large observations and allows both between 

and within variation in the error term (Wooldridge 2010, Borenstein et al. 2021). Whereas 

fixed effect model would assume that true effect size for all agent clusters is identical and 

override the information in smaller clusters, since we have better information about the 

same effect size in the larger clusters (Borenstein et al. 2021). We make two assumptions 

to test the agents effects as a random variable: 1) no correlation between the random 

variable and our independent variables, and 2) strict exogeneity, which implies that the 

error term of an observation is uncorrelated with the explanatory variables of the 

observation (Wooldridge 2010).  

For the 1st assumption, we have not included any agent level variables in our 

regression that may correlate with the independent variables. For the second assumption, 

there is no reason the believe that same customer will be re-assigned to the same agent in 

case of a follow-up call. Call routing uses pseudo-random algorithm that assigns calls to 

idle agents while employing a degree of randomness as part of its scheduling logic. Hence, 

same customer is unlikely to be assigned to the same agent even if the customer calls again 

during the campaign period. 

Model 4 for indicates that Access to AI Script Support associated with a 144 second 

reduction in call handle time when we account for the number of holds and use agent 

random effects (p<0.05). Model 5 add the call disposition control variable. Compared to 
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the baseline, AI Access significantly reduces call handle time by 138.2 seconds (p<0.05), 

which corresponds to a 23% improvement, on average, in call handle time. Similar to 

models without random effects, adding call disposition does not statistically change the 

effect of AI Script Support. In summary, these results provide strong support for our 

hypothesis. Our results are robust to an alternative specification where we use the logged 

call handle time instead of the raw data. 

Effect of Treatment on Process Compliance (Call Checklist Compliance) 	

We conduct mediation analyses to test Hypothesis 2B, in which we claim that 

having access to AI software decreases call handle time by increasing the checklist item 

compliance. We use the product-of-coefficients method prescribed by Preacher and Hayes 

(2008) and Hayes (2013). As they recommended, we estimated a structural equation model 

rather than the traditional method of Baron and Kendy due to shortcomings of the former 

approach. In essence, method of Baron and Kendy, also knowns as causal steps strategy, 

assumes both causality and temporal ordering among independent, dependent and mediator 

variables. Specifically, method mandates a significant total effect of independent variable 

on outcome variable without the presence of any mediator variable, among other conditions 

for a significant mediation. However, many authors argued that a significant total effect of 

independent variable on an outcome variable is not necessary for a nontrivial mediation 

(MacKinnon et al. 2002, Preacher and Hayes 2008, Hayes 2013).  The structural equation 

model (SEM) is used in many experimental papers to estimate causal paths across several 

disciplines (Cheung and Lau 2008, Gunzler et al. 2013) as well as in operations 

management literature (Ryan W Buell and Norton 2011, Ryan W. Buell et al. 2016). We 
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include having AI tool access as an independent variable, checklist compliance as a 

mediator, and call handle time as a dependent variable to the SEM model. We control for 

the number of holds and call disposition in the SEM. As sampling distributions of indirect 

effects approximate normality with large sample sizes (i.e., n’s ≥ 300), we estimated the 

indirect effects using bias-corrected bootstrapping with 1,000 iterations (Hayes and 

Scharkow 2013). Using bootstrapping, a nonparametric resampling procedure, we would 

able to relax the assumption of normality of sampling distribution while testing for 

mediation(Preacher and Hayes 2008). We use maximum likelihood method, which SEM 

uses by default in STATA to generate our results.  

Figure 12 summarizes the results of mediation analysis, with coefficients listed and 

standardized coefficients shown in parentheses. Having AI tool access is positively 

associated with an increase in checklist compliance (b=0.25, p<0.05), which in turn 

positively associated with decreased call handle time (b=-158, p<0.05). Table 29 shows 

the results of bootstrapping. 

Notes. Standard errors in parentheses, bootstrapped 1000 times, and clustered by agents. Controlling 
for number of holds and call dispositions. ˆ, **, and *** denote significance at the 10%, 5%, and 1% 
levels, respectively. 

AI Access Call Handle 
Time  

Checklist 
Compliance 

-76** 
(13.73) 

 

-167*** 
(42) 

 
 

 
0.25** 
(0.10) 

 
 

Figure 12 Mediation Analyses for AI Access 
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The indirect effect of having AI Access via script compliance is significant and 

negatively associated with total call handle time, (b= -41.79 sec with 95% CI [-50.845, -

32.736]). Total direct effect of AI Access on call handle time is also significant (b = -77.11 

sec with 95% CI [-104.033, -50.189]). The ratio of indirect effect over the direct effect is 

54%. We conclude that checklist compliance partially mediates the positive effect of AI 

Access on operational efficiency measured by decreased call handle time.  

Table 29 Mediation Analyses for AI Access, with bootstrapped SE 

Effect Observed 
Coef. 

Bootstrap 
Std. Err. z P> z Normal-based [95% 

Confidence Interval] 
Indirect Effect 
via Checklist 
Compliance 

-41.790 4.620 -9.050 0.000 -50.845 -32.736 

Direct Effect -77.111 13.736 -5.610 0.000 -104.033 -50.189 
Total Effect -118.902 13.029 -9.130 0.000 -144.438 -93.365 

Indirect 
Effect 

Observed 
Coef. Bias Bootstrap 

Std. Err.  Normal-based [95% 
Confidence Interval] 

Indirect Effect 
via Checklist 
Compliance 

-41.790 -0.095 4.620  -51.305 -33.286 (P) 

     -51.604 -33.411 (BC) 
Direct Effect -77.111 0.181 13.736  -102.085 -51.496 (P) 
     -102.857 -52.349 (BC) 
Total Effect -118.902 0.086 13.029  -143.559 -94.796 (P) 
     -144.431 -95.256 (BC) 
Notes. Standard errors in parentheses, bootstrapped 1000 times, and clustered by agents. (P) shows 
percentile confidence interval, (BC) For shows bias-corrected confidence interval. ̂ , **, and *** denote 
significance at the 10%, 5%, and 1% levels, respectively. 

Effects of Treatment on Customer Satisfaction and Loyalty 

We operationalize customer experience with customer satisfaction and customer 

loyalty to test our 3rd hypothesis. Equation (3-3), and (3-4) show the regression models in 
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which we model customer experience measures of customer satisfaction and customer 

loyalty as a linear function of having AI Access while controlling for call types. In our 

specification, standard errors are clustered with respect to agents, to address the potential 

serial correlation and relax the assumption that standard error are independent. In equation 

3-3, we use categorical variable loyalty to measure the customer loyalty on a scale of 1 to 

5. 

 𝑌(𝐶𝑢𝑠𝑡𝑜𝑚𝑒𝑟	𝐿𝑜𝑦𝑎𝑙𝑡𝑦)! = 	𝑏" + 𝑏#𝐴𝐼	𝐴𝑐𝑐𝑒𝑠𝑠! + 𝑏$𝐶𝑎𝑙𝑙	𝑇𝑦𝑝𝑒!	 + 𝜀$!	; (3-3) 

In equation 3-4, the outcome variable is our categorial customer satisfaction 

variable. For both regressions, we use binary AI Access variable and categorical call type 

control. 

 𝑌(𝐶𝑢𝑠𝑡𝑜𝑚𝑒𝑟	𝑆𝑎𝑡𝑖𝑠𝑓𝑎𝑐𝑡𝑖𝑜𝑛)! = 	𝑐" + 𝑐#𝐴𝐼	𝐴𝑐𝑐𝑒𝑠𝑠! + 𝑐$𝐶𝑎𝑙𝑙	𝑇𝑦𝑝𝑒!	 + 𝜀%!	; (3-4) 

The Table 30 summarizes the effect of having AI access on customer experience. 

Model 1 serves as a baseline where we do not include any control variables. In model 1 AI 

Access marginally improves the NPS by 0.91 points (p<0.1), on average. In model 2, once 

we control for the call type, the effect disappears. Among the call types, customer 

complaints seem to drive the negative effect. However, the coefficient of interest, continues 

to indicate a positive direction (b = 0.541, p=NS).  

In model 3 we measure the effect for customer satisfaction, which does not yield a 

statistically significant difference (b= -0.162, p=NS) for agents with AI access, compared 

to the control treatment. In model 4, when we account for call type, the result does not 

change (b=-0.357, p=NS). Even if the customer satisfaction is not significant, the 
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coefficient of the interest is in the opposite direction with that of the loyalty analyses. It is 

worth noting that Adjusted R-square is very low for our models. Overall, we found weak 

support for our 3rd hypothesis which claims that having AI access would improve the 

customer experience as we only document marginal increase in loyalty with AI Access.   

Table 30 Effect of Treatment on Customer Satisfaction and Customer Loyalty 

  (1) (2) (3) (4) 

VARIABLES Loyalty Loyalty Cust. Sat.  
with Agent 

Cust. Sat. 
with Agent 

          

Treatment 
 (AI Access) 0.912^ 0.541 -0.162 -0.357 

  
Call Type (0.497) (0.472) (0.527) (0.470) 

 2, General Complaints   -1.763**   -0.656 
    (0.687)   (1.025) 
 3, Information   -0.944^   -0.400 
    (0.455)   (0.564) 
 4, Network Complaints   -2.659***     
    (0.416)     
 5, Loyalty        -1.699 
        (1.031) 
Constant 2.955*** 3.659*** 3.912*** 4.199*** 
  (0.414) (0.416) (0.387) (0.335) 
          
Observations 52 52 70 70 
Adjusted R-squared 0.056   -0.012 -0.015 
F test model 3.371   0.0942 1.212 
R-squared   0.238     

Notes. Standard errors in parentheses. Account Management is base category for the Call Type variable. 
ˆ, **, and *** denote significance at the 10%, 5%, and 1% levels, respectively. 
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Effect of Treatment on Service Quality via Communication Skills  

For our final hypothesis, we run OLS analysis to study the effect of having AI 

access on the call service quality measured by the desired and undesired service 

interactions during the call.  Aligned with H4, we expect AI Access to improve employee 

performance on call quality with an increased (decreased) use in desired (undesired) call 

characteristics to enable more humane and friendlier communication that makes customers 

also happier compared to absence of real-time script support, feedback and coaching 

support that comes with AI tool.  

Table 31 Effect of AI Access on Service Quality via Communication Skills 

 (1) (2) (3) (4) (5) (6) 

VARIABLES We 
Language 

You 
Language 

Act. 
Listening Agreeability Credibility Empathy 

       
AI Access 0.262 -0.318 0.0066 -0.352 0.0218 0.324 
 (0.632) (1.796) (0.118) (0.735) (0.217) (0.282) 
Constant 3.281*** 18.11*** 0.383*** 2.419*** 0.601*** 0.734*** 
 (0.397) (1.248) (0.0896) (0.641) (0.0960) (0.150) 
Observations 6,535 6,535 6,535 6,535 6,535 6,535 
Adjusted  
R-squared 0.068 0.151 0.047 0.073 0.112 0.080 

Controls YES YES YES YES YES YES 
 (7) (8) (9) (10) (11) (12) (13) 

VARIABLES Justifi- 
cation Proactivity Questions Rapport Respect Urgency Weak 

Language 
        
AI Access 0.137 -0.226 -0.858 0.0121*** 1.563 0.230 0.0216 
 (0.374) (0.731) (0.889) (0.00413) (0.913) (0.224) (0.0333) 
Constant 2.216*** 4.455 *** 6.293 *** 0.0132*** 5.118*** 0.168 0.0873^ 
 (0.359) (0.543) (0.727) (0.00328) (0.441) (0.101) (0.0427) 
        
Observations 6,535 6,535 6,535 6,535 6,535 6,535 6,535 
Adjusted  
R-squared 0.086 0.109 0.146 0.004 0.270 0.073 0.015 

Controls YES YES YES YES YES YES YES 
Notes. Robust standard errors, clustered by agents are in parentheses. Control Variables: Number of 
Holds, and Call Disposition Types ˆ, **, and *** denote significance at the 10%, 5%, and 1% levels, 
respectively. 
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Equation 3-5 represents the model specification where we model the effect on call 

quality via 13 different service interaction measures as a liner function of having access to 

AI Augmentation, where Xi denotes the controls for number of holds during the call, and 

call dispositions per CSR. 

 𝑌(𝐶𝑎𝑙𝑙	𝑄𝑢𝑎𝑙𝑖𝑡𝑦)! = 	𝛼" + 𝛼#𝐴𝐼𝐴𝑐𝑐𝑒𝑠𝑠! + 𝛼$𝑋!	 + 𝜀!	; (3-5) 

Table 31 shows the regression results. In Column 10, level of rapport between 

agents and customers significantly improved by 0.012 points (p<0.01) after accounting for 

a number of holds during the call and disposition types. This improvement is significant, 

considering the mean level of rapport is 0.02 for the sample. Although not significant, 

respect is another variable that is positively associated with AI access, where we see a 1.5-

point increase (p-NS (0.103)). The improvements in these two may be reason why we see 

no decrease in customer satisfaction, even if agents get more complaint with script with 

use of the AI augmentation.   
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Additional Analyses 

Alternative Specification for Effect of Treatment on Operational Efficiency  

We test the main effect with an alternate specification where we use logged call handle 

time as an outcome variable. Angrist and Pischke (2008) recommend using an OLS 

specification when possible because it is flexible and provides a straightforward 

interpretation. Nonetheless, we could also use the logged outcome variable handle time, as 

the data is skewed to the left. See Figure 13 for the comparison logged (a), and raw (b) 

outcome variable measured in seconds. Logging the outcome variable makes our data 

normally distributed which better meets the assumptions of regression analysis.  

The regression with standard errors clustered by agents shows significant 

performance improvements on call handle time after controlling for the number of holds 

and dispositions during the call. Table 32 illustrates the effect of treatment on logged 

variable. Model 5, similar to the main effect regression, accounts for all the controls and 

agent random effects. Results show that for the treatment agents, exponentiated coefficient 
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Figure 13 Distribution of Operational Efficiency Measure: Call Handle Time 
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of AI scripting support access (b =-0.211) is associated with a 19% ((1-exp(-.211))*100) 

improvement in average handle time (133 seconds). This result is robust and similar to the 

main effect show in Table 28.  

Table 32 Effect of Treatment on Operational Efficiency (Call Handle Time) 

  (1) (2) (3) (4) (5) 

VARIABLES Handle 
Time 

Handle 
Time 

Handle 
Time 

Handle 
Time RE 

Handle 
Time RE 

       

AI Tool access -0.114 -0.214** -0.196** -0.232** -0.211** 
  (0.0869) (0.0878) (0.0822) (0.110) (0.101) 
# of Holds during the 
call 

 0.382*** 0.390*** 0.422*** 0.429*** 

   (0.0338) (0.0359) (0.0371) (0.0378) 
Constant 6.312*** 6.001*** 6.119*** 5.925*** 6.020*** 
  (0.0443) (0.0609) (0.0617) (0.0777) (0.0732) 
       

Observations 12,262 12,262 12,262 12,262 12,262 
Adjusted R-squared 0.003 0.317 0.342   

Controlling # of Holds NO YES YES YES YES 
Controlling Call 
Disposition NO NO YES NO YES 

Clustered Stand. Errors YES YES YES YES YES 
Agent Random Effects NO NO NO YES YES 
F test model 0.205 5.81e-10 0   

Number of Agents    23 23 
Chi-square model    0 0 

Notes. Standard errors in parentheses. Dependent variable, Handle Time is logged. Base category for 
disposition is Account Management ˆ, **, and *** denote significance at the 10%, 5%, and 1% levels, 
respectively. 

Top-Box Analyses for Customer Experience 

We conduct an additional analysis to further investigate the effect of having AI 

access on customer experience measures: customer satisfaction and customer loyalty. 
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Top-Box Analysis Customer Loyalty 

We run a top-box analyses using two variables for customer loyalty. In the first version, 

binary loyalty variable equals to one if customers select the top score of 5. Table 33 shows 

the frequencies for the first version. Later, we constructed relaxed loyalty variable in which 

binary loyalty variable equals to one when customers select either 5 or 4 in a 5-scale 

customer loyalty measure in which 5 denotes the highest score. Table 34 shows the 

frequencies for the relaxed loyalty variable. 

 

Table 33 Frequency Table for the Customer Loyalty, loyalty Variable 

Loyalty  Treatment Total 
(Loyalty	=	5) 0 1  
0 13 15 28 
1 9 15 24 
Total 22 30 52 

Notes. Loyalty variable measuring customer loyalty is constructed for top-box analyses. Rows showing 
frequencies for control and treatment conditions, in which agents have AI Access. 

Table 34 Frequency Table for the Customer Loyalty, Relaxed loyalty Variable 

Relaxed Loyalty  Treatment Total 
(Loyalty	=	5	or	4) 0 1  
0 12 11 23 
1 10 19 29 
Total 22 30 52 

Notes. Relaxed NPS variable constructed for top-box analyses. Rows showing frequencies for control 
and treatment conditions, in which agents have AI Access. 

Table 35 summarizes the results. In model 1 and 2, binary loyalty variable equals 

to one if customers select the top score of 5. In model 3 and 4, we have a relaxed version 

which equals to 1 if customer select either 5 or 4 in a 5-scale customer loyalty measure. 

Tables below show the frequencies for each binary variable. Chi-Square test of selection 
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frequencies show no differences among different levels of loyalty for customers in 

treatment and control conditions. 

Table 35 Customer Loyalty, Top-Box Analyses 

  (1) (2) (3) (4) 
VARIABLES Loyalty	

Top Box 
Loyalty	
Top Box 

Relaxed 
Loyalty 
Top Box 

Relaxed 
Loyalty 
Top Box 

  
    

Treatment (AI Access) 0.368 -0.0401 0.729 0.324 
  (0.582) (0.617) (0.665) (0.718) 
Call Types     
Type 2, Complaints 

 
-1.997** 

 
-2.501** 

  
 

(0.991) 
 

(0.981) 
Type 3, Information 

 
-1.203** 

 
-1.318** 

  
 

(0.577) 
 

(0.651) 
Type 4, Omitted 

 
- 

 
- 

  
    

Constant -0.368 0.407 -0.182 0.721 
  (0.456) (0.510) (0.442) (0.490) 
  

    

Observations 52 51 52 51 
Clustered Standard Errors YES YES YES YES 

Notes. Robust standard errors, clustered by agents are in parentheses. Controlling for call types. ˆ, 
**, and *** denote significance at the 10%, 5%, and 1% levels, respectively. 

 

Top-Box Analysis for Satisfaction 

Similar to customer loyalty, we created two variables for the top-box analyses of 

the customer satisfaction. In the first version, binary customer satisfaction, CSAT, variable 

equals to one if customers select the highest customer satisfaction of 5 on a scale of 1 to 5. 

Table 36 shows the frequencies for the first version.  
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Table 36 Frequency Table for the Customer Satisfaction, CSAT Variable 

CSAT	 Treatment	 Total	
(CSAT	=	5)	 0	 1	 	
0	 13	 15	 28	
1	 21	 21	 42	
Total	 34	 36	 70	

Notes. CSAT variable measuring customer satisfaction is constructed for top-box analyses. Rows 
showing frequencies for control and treatment conditions, in which agents have AI Access. 

Later, we constructed relaxed CSAT variable in which binary CSAT variable equals 

to one when customers select either 5 or 4 in a 5-scale customer satisfaction measure in 

whip 5 denotes the highest score. Table 37 shows the frequencies for the relaxed CSAT 

variable. 

Table 37 Frequency Table for the Customer Satisfaction, Relaxed CSAT Variable 

Relaxed CSAT  Treatment Total 
(CSAT = 5 or 4) 0 1  
0 11 13 24 
1 23 23 46 
Total 34 36 70 

Notes. Relaxed CSAT variable measuring customer satisfaction is constructed for top-box analyses. 
Rows showing frequencies for control and treatment conditions, in which agents have AI Access. 

Table 38 summarizes the top box analyses for customer satisfaction. In Model 1, 

having access to AI Tool negatively associate with customer satisfaction (b=-0.143, p-NS). 

In Model 2, when we account for customer call type, we see that coefficient of interest gets 

bigger (b =-0.330, p-NS). In Model 3 and 4 we repeat the analyses with a relaxed customer 

satisfaction variable. We get similar results to those in Models 1 and 2. None of the models 

yield a statistically significant interaction between the treatment and customer satisfaction. 
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Table 38 Customer Satisfaction Top-Box Analyses 

  (1) (2) (3) (4) 
VARIABLES Cust. Sat.  

Top Box 
Cust. Sat.  
Top Box 

Relaxed  
Cust. Sat.  
Top Box 

Relaxed  
Cust. Sat.  
Top Box 

  
    

Treatment (AI Access) -0.143 -0.330 -0.167 -0.307 
  (0.583) (0.552) (0.675) (0.598) 
Call Type     

Type 2, Complaints 
 

-0.144 
 

-0.421 

  
 

(1.123) 
 

(1.079) 
Type 3, Information 

 
-0.0669 

 
-0.342 

  
 

(0.646) 
 

(0.679) 
Type 4, omitted 

 
- 

  

  
    

Type 5, Loyalty Only 
   

-0.952 

  
   

(1.356) 
Constant 0.480 0.683 0.738 0.952** 
  (0.411) (0.419) (0.484) (0.452) 
  

    

Observations 70 68 70 70 
Clustered Standard 
Errors 

YES YES YES YES 

Notes. Robust standard errors, clustered by agents are in parentheses. Controlling for call types. ˆ, 
**, and *** denote significance at the 10%, 5%, and 1% levels, respectively. 

Discussion and Conclusions 

In this study, in partnership with a call center company that uses AI Script Support 

software, we conduct a field study to investigate the effect of human-machine integration 

in service operations where presence of AI driven algorithmic feedback and real-time 

coaching as employee management to tool has significant effect on employee performance 

metrics such as operational efficiency, customer experience and call service quality during 

customer service interactions. First, we discover that call center agents who have access to 
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AI software demonstrate a higher degree of adherence to call checklist items when 

compared to agents who do not have access to such software. Later, we find that agents 

with access to AI-based script support conduct faster customer calls, allowing a greater 

operational efficiency compared to agents with traditional script support. Our mediation 

study further highlights that increased adherence to the script partially mediates the positive 

impact of AI software access on operational efficiency improvements, resulting in shorter 

call handle times. In short, we found that AI Access enhances service script compliance of 

agents, which explains the efficiency improvements. Moreover, in our study, we found no 

statistical evidence of decreased employee performance in customer satisfaction and 

loyalty with the integration of AI software into customer service interactions. Although 

drawing from a small sample, having no negative effect on customer satisfaction and 

documenting marginal positive effects on loyalty worth noting. Notice this is bill collecting 

campaign which is not likely to generate customer satisfaction and loyalty. Also, all calls 

were inbound, which means customers were calling for some other reason when transferred 

to this group to address their outstanding bills. Given this, AI Augmentation would allow 

agents to deliver better performance on call handle times without harming the customer 

experience measures. These findings, taken together, provide evidence of the effectiveness 

and satisfactory use of AI in customer service interactions as a practical, and cost-effective 

employee management tool, highlighting the potential benefits of incorporating AI into 

call center operations. 

Further analysis on call service quality, employee management metrics using AI 

software communication library on desired and undesired call characteristics reveals that 
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agents with AI-based script support have higher levels of rapport and respect during 

customer calls. These promising findings suggest that agents supported with AI 

augmentation may enable friendlier and more humane communication while conducting 

calls. This finding opens up the possibility of incorporating AI script support for customer 

service agents to improve their communication skills and help build stronger relationships 

with customers. However, more research is needed to determine the long-term effects of 

AI augmentation on customer-agent interactions and the potential impact on job security 

for customer service representatives. 

Our chapter makes several contributions to the literature. First, we contribute to the 

literature on algorithmic aversion by documenting no evidence of aversion when 

algorithmic advice is visible to agents. Our finding contrasts with previous studies, such as 

(Burton et al. 2020) and Alcott et al. (2017), who found that agents tend to distrust and not 

follow algorithmic advice. However, our results align with the work of Dietvorst et al. 

(2016), who demonstrated that people are more likely to rely on algorithmic advice when 

they could modify the algorithm's recommendations. Our AI Tool offers algorithmic 

feedback based on the traditional script in real time and offers real-time support with 

notifications, deck and faq screens allowing agents to fully or partially comply with list of 

provided feedback with limited linguistic modifications based on agents’ discretion. This 

could be one reason that the agents likely follow the advice when present. By making the 

AI-driven advice transparent and accessible, we can potentially alleviate agents' aversion 

and enhance their trust in the algorithm. This suggests that algorithmic advice can be 

effective when presented clearly, transparent and in a flexible way to the agents.  
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Second, we add to the existing literature on human-machine collaboration with a 

special focus on service operations. AI integration improves operational efficiency while 

performing simple and repetitive back-office service applications (Davenport and Ronanki 

2018), engaging with customer in sales transactions (Luo et al. 2019, Davenport et al. 2020) 

, while making store-wide pricing decisions (Caro and Cuenca 2023). Our work is 

interesting as we document a case of human-machine collaboration where a non-generative 

AI algorithm leads to an operational improvement on agents’ performance. Specifically, in 

our non-generative AI application, algorithmic feedback refers to the script that all agents 

were trained on. So, in essence, AI is not introducing a new piece of information, but 

visualizing scripting, providing notifications, and giving coaching about the desired and 

undesired call characteristics, effectively acting as a supervisory tool. The attained 

improvements could be likely the case of AI helping agents to reduce the learning curve, 

given they were all new hires without a significant experience in call center settings prior 

to the case. Our work could pave the way to use AI as an instrument to improve efficiency 

for newcomer employees via reduced learning curve. 

Third, our study contributes to the call center and service scripting literature. 

Previously, (Victorino et al. 2012, Victorino et al. 2013) demonstrated that once detected, 

service scripting negatively impacts customer satisfaction. We expand the literature by 

identifying cases where heightened script adherence comes with an AI application does not 

lead to significant reductions in customer satisfaction or loyalty metrics. Considering the 

context of our field experiment—specifically, inbound calls for bill collection—it's not 

entirely unexpected that we didn't observe significant improvements in customer 
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satisfaction. However, our findings did indicate marginal enhancements in loyalty and a 

stable level of customer satisfaction. These observations align with (Wang et al. 2022), that 

documented enhanced customer experiences upon deploying AI chatbots, as evidenced by 

fewer customer complaints compared to traditional voice response systems. It's crucial to 

highlight that their research focuses on a fully automated system powered by an advanced 

generative AI that continually learns from data. In contrast, our study examines a 

collaboration between humans and AI, specifically an AI augmentation. This utilizes a 

more rudimentary AI algorithm that doesn't adapt or learn from new data but relies on pre-

defined libraries. Regardless, our research adds to the literature on the impact of AI 

applications on customer experience by showcasing that increased script adherence with 

an AI application, it's possible to achieve overall performance improvements without 

compromising customer satisfaction.  

Moreover, we build upon and contribute to the scope of studies conducted by 

Grandey et al. (2004) and Altman et al. (2020). These prior investigations have illustrated 

that employing traditional scripting methods decreases customer engagement and can 

inadvertently trigger surface acting and negative emotions among employees. This is 

largely due to the inherent rigidity and impersonal nature of conventional scripting 

techniques, which often lack the warmth, empathy, and adaptability necessary for effective 

and engaging communication. In contrast, our research explores the ways in which the 

implementation of artificial intelligence (AI) script support can substantially improve the 

quality of interactions. Our work bridges and adds to work of Grandey et al. (2004), and 

Victorino et al. (2012,2013) by showing that increased script compliance comes with AI 



 

 

151 

Augmentation overcomes to predicted negative effects. By fostering a more empathetic, 

perceptive, and approachable communication style, AI-powered script support effectively 

serves as a management tool to support employees to make them comply without being 

disengaged and negatively charged. Aligned with service-profit chain theory (Heskett et 

al. 1994), Improved interval service process that helps CSR being more engaged and tailor 

interactions to address the unique needs and emotions of each customer, effectively 

delivering a better service value. As a result, the use AI augmentation helps to alleviate the 

negative consequences often associated with customer stress and dissatisfaction, by acting 

as tool for serving customer and developing/supporting employee via real-time feedback 

and coaching. 

Furthermore, our work shed light to the potential of AI script support to transform 

the field of customer service by cultivating a more personable and amicable 

communication environment starting the change from employees. By harnessing the power 

of AI, we pave the way for a future where interactions between service providers and 

customers are consistently characterized by understanding, compassion, and genuine 

connection. In doing so, we actively counteract the detrimental effects of stress and 

negative emotions that have long plagued the industry because of the shortcomings of 

traditional scripting methods. 

Practical implications demonstrate that incorporating AI into traditional call center 

operations as an additional supervisory employee management tool boosts operational 

efficiency without significantly compromising service quality. AI augmentation serves as 

an invaluable tool for enhancing call center operations, allowing newly hired and less 
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experienced agents to manage customer inquiries more effectively than through purely 

human interaction. This is achieved by offering automated feedback and real-time coaching 

during and after calls. Such applications enable new agents to learn quickly while 

maintaining customer satisfaction, which is crucial in high turnover work environments. 

Our results indicate that managers can successfully implement AI applications featuring 

automated feedback and coaching to increase operational efficiency in a time-effective 

manner. 

We recognize that our study is exploratory and has several limitations. Firstly, our 

sample size is limited. Although our findings suggest that AI usage or algorithmic advice 

may enhance operational efficiency, we cannot generalize beyond our sample and make 

broad claims about AI's effectiveness in general service settings beyond call center 

operations. A natural extension of this work would involve collaborating with a corporation 

in a similar service setting to conduct a more comprehensive field study, replicating the 

current findings and achieving statistical significance for those results that indicate a 

direction but still require statistical significance. 

Secondly, we possess minimal control over the agent characteristics, aside from the 

knowledge that all agents were newly hired for the task. To gain a deeper understanding of 

AI usage or algorithmic advice's impact on human servers, we must gather information on 

traditional demographics such as age, education, gender, language, and ethnicity of the 

agents. This will help us untangle factors potentially associated with the effects of AI usage 

or algorithmic advice on human servers and enable us to draw more robust conclusions. 
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Additionally, our data do not permit us to connect operational efficiency data with 

customer satisfaction. Consequently, we cannot establish a causal relationship between 

increased efficiency and customer experience. To address this limitation, a randomized 

study linking customer experience with call handle time would allow us to investigate the 

causal path between them and gain a better understanding of the relationship. Conducting 

a lab study would allow us to dig deeper into the impact of AI augmentation on employees 

and expand our results by replicating the findings and exploring further questions, 

including potential mechanisms in which the effects get carried in service settings. 

Last but not least, combined with other research on call center employee behaviors, 

we can surmise that a complex interplay between employees' personal values, 

organizational expectations, and customer reactions shapes the outcomes of scripted 

service encounters (Grandey et al. 2005, Groth et al. 2006, Allcott and Sweeney 2017). 

Further research is needed to better understand the factors that influence employees' 

decisions to comply with scripts, and how these decisions impact the effectiveness and 

authenticity of service interactions.  

Concluding Remarks 

We have discovered that integrating human-machine collaboration through AI 

augmentation, specifically by providing AI access as an employee management tool that 

offers algorithmic feedback and real-time coaching to human service agents during and 

after service calls, can significantly enhance employee performance on operational 

efficiency by reducing call handling time. Our findings indicate that increased script 
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compliance, facilitated by the AI Script Support Tool, mediates the positive impact of AI 

access on operational efficiency. Additionally, we have not identified any negative effects 

of AI Script Support on employee performance measured by changes in customer 

experience. On the contrary, preliminary evidence suggests that AI Script Support may 

promote more amicable interactions, potentially enhancing customer experience via mora 

human conversations and fostering loyalty. We hope this paper captures the attention of 

decision-makers, encouraging them to adopt more effective strategies for human-machine 

integration as an effective employee management tool, which result in efficient and 

satisfying service experiences. Our research offers valuable insights that can pave the way 

for more productive developments in this field. 
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A. APPENDIX TO CHAPTER 1 

Appendix A constitutes all appendices to Chapter 1 of the dissertation. 

A.1 Instructions 

Please read the experiment instructions carefully before continuing to the next page. 

Thank you for participating in this session. You were randomly selected from the US 

MTurk participant pool to participate in this session. In this experiment, you will answer 

two rounds of questions consisting of six numerical games in each round. In each game, 

your objective is to find the maximum value of a set of items that fit into a bag with a 

limited capacity. Prior to the scored rounds, you will have a practice question where you 

get familiar with the game and experiment screens. In each round, you will have three 

minutes to answer the questions and a one-minute break in between rounds. The 

experiment takes around twenty minutes, and you will receive one dollar and fifty cents at 

the end of the experiment if you complete both rounds. 

Task: In each screen, you will see a set of items with corresponding values and 

weights. Your objective is to maximize the value of the items in the bag, which has a 

limited weight capacity. The total weight of the items placed in the bag must be less than 

or equal to the bag’s capacity.   

Performance: To score your performance in each round, you will receive one point 

for each correct answer. There is no penalty for incorrect answers. There is no benefit for 

having remaining time at the end of rounds, so please plan to spend the entire three-minute 

period answering the math questions. 
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Feedback: You may receive feedback about your performance after the first or 

second round, based on your condition. The following conditions are randomly assigned 

to each participant and remain unchanged throughout the experiment. 

• [Baseline condition]: You will not get performance feedback. Take a 1-minute 

break and continue to the next round. 

• [Sub-treatment condition 1]: You will get private performance feedback, where 

code numbers (i.e., 245), as opposed to names (i.e., Adam), represent participants’ 

identities. Your position in the list is highlighted in BOLD, which is only available to you. 

Other participants cannot recognize your position in the performance list. You cannot 

recognize others’ positions as well. 

• [Sub-treatment condition 2]: You will get public performance feedback, where 

names (i.e., Adam), as opposed to the code numbers (i.e., 245), represent participants’ 

identities. All participants’ names are publicly identified in the list, and your position is 

highlighted in BOLD. All participants, including you, will be able to recognize others’ 

performance rank in this condition.  

• [Sub-treatment condition 3]: You will get hybrid performance feedback, where 

names (i.e., Adam), as opposed to the code numbers (i.e., 245), represent the top 3 and the 

bottom 3 participants’ identities. Code numbers represent the rest of the participant’s 

identities whose positions are not at the top or the bottom of the list. Your position in the 

list is highlighted in BOLD, which is only available to you unless your name is among the 

top three or bottom three of the list. Other participants, as well as you, could recognize the 

publicly disclosed names of the top and bottom three performers in that round. 
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You may use the keyboard and mouse to enter your numeric response. Please do 

not enter any nonnumeric responses, such as text entries or mathematical operators. Please 

do not use a calculator, or the calculator feature of your smartphone, or a computer program 

such as Excel to answer the problems. Please remain focused on the task during the session 

and do not ask or offer help to other participants. 

A.2 Tutorial 

Sample Game Instructions: What is the maximum total value of the items that 

can fit in the bag? In other words, please calculate the value of the set of items with the 

maximum possible total value. The set of items also has to have a total weight that is less 

than or equal to the bag’s capacity. As your answer, please only write the total value of the 

set of items. 

*** Sample Game 

Total Bag Capacity: [49 lb] 

Item 1 has a value of 150, and a weight of 5 lbs. 

Item 2 has a value of 325, and a weight of 22 lbs. 

Item 3 has a value of 350, and a weight of 35 lbs. 

Item 4 has a value of 170, and a weight of 14 lbs. 

The values of items 1 to 4 can be written using the following notation, where the 

first number corresponds to the first item, the second number to the second item and so on. 

Values of the items: [150, 325, 350, 170] 
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The weights of items 1 to 4 can similarly be written using the following notation. 

Weights of the items: [5lb, 22lb, 35lb, 14lb] We will be using this notation for the 

rest of the study. 

****In short, the question will look like this: 

What is the maximum total value of the items that can fit in the bag? As your 

answer, please only write the total value of the set of items. 

Values of the items: [150, 325, 350, 170] 

Weights of the items: [5lb, 22lb, 35lb, 14lb] 

Total Bag Capacity: [49l] 

A.3 Knapsack Questions  

Tutorial Question  

What is the maximum total value of the items that can fit in the bag? As your 

answer, please only write the total value of the set of items. 

Values= [2, 10] 

Weights= [ 3lb, 6lb] 

Capacity = [5] 

Practice Question 

What is the maximum total value of the items that can fit in the bag? As your 

answer, please only write the total value of the set of items. 
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Values= [5, 10, 6, 18] 

Weights= [1lb, 5lb, 3lb, 6lb] 

Capacity = [5] 

1st Round Questions 

1. What is the maximum total value of the items that can fit in the bag? As your 

answer, please only write the total value of the set of items. 

Values= [15,10,55,55] 

Weights= [7lb, 28lb ,45lb ,67lb] 

Capacity = [85lb] 

2. What is the maximum total value of the items that can fit in the bag? As your 

answer, please only write the total value of the set of items. 

Values= [5,20,15,22] 

Weights= [12 lb ,8 lb ,24 lb ,20 lb] 

Capacity = [60 lb] 

3. What is the maximum total value of the items that can fit in the bag? As your 

answer, please only write the total value of the set of items. 

Values= [50,60,40,45] 

Weights= [35 lb, 30 lb, 20 lb, 25 lb] 

Capacity = [60 lb] 
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4. What is the maximum total value of the items that can fit in the bag? As your 

answer, please only write the total value of the set of items. 

Values =[55,30,100,70] 

Weights = [42 lb, 60 lb, 70 lb, 100 lb] 

Capacity=[235 lb] 

5. What is the maximum total value of the items that can fit in the bag? As your 

answer, please only write the total value of the set of items. 

Values= [10,2,50,50] 

Weights= [2 lb, 20 lb, 40 lb, 62 lb] 

Capacity = [66 lb] 

6. What is the maximum total value of the items that can fit in the bag? As your 

answer, please only write the total value of the set of items. 

Values= [80,5,50,30] 

Weights= [10 lb, 20 lb, 20 lb, 30 lb] 

Capacity = [50 lb] 

2nd Round Questions 

1. What is the maximum total value of the items that can fit in the bag? As your 

answer, please only write the total value of the set of items. 

Values= [70,15,60,20] 

Weights= [30 lb, 20 lb, 30 lb, 15 lb] 

Capacity = [50 lb] 
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2. What is the maximum total value of the items that can fit in the bag? As your 

answer, please only write the total value of the set of items. 

Values= [20,10,35,15] 

Weights= [30 lb, 20 lb, 30 lb, 5 lb] 

Capacity = [50 lb] 

3. What is the maximum total value of the items that can fit in the bag? As your 

answer, please only write the total value of the set of items. 

Values= [30,35,55,30] 

Weights= [ 30 lb, 30 lb, 40 lb, 35 lb] 

Capacity =[80 lb] 

4. What is the maximum total value of the items that can fit in the bag? As your 

answer, please only write the total value of the set of items. 

Values= [10,40,20,60] 

Weights= [20 lb, 40 lb, 30 lb, 50 lb] 

Capacity = [90 lb] 

5. What is the maximum total value of the items that can fit in the bag? As your 

answer, please only write the total value of the set of items. 

Values= [20,20,30,15] 

Weights= [31 lb, 6 lb, 20 lb, 5 lb] 

Capacity = [55 lb] 
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6. What is the maximum total value of the items that can fit in the bag? As your 

answer, please only write the total value of the set of items. 

Values= [25,10,110,20] 

Weights= [12 lb, 20 lb, 30 lb, 70 lb] 

Capacity = [105 lb] 

A.4 Pre-Experiment Questionnaire 

Please indicate your agreement with the following sentences and questions. Your privacy 

will be protected, and your name will not be linked to your answers on this questionnaire. 

1. I am confident about my scholastic abilities concerning school and education. 

(a) Strongly Disagree 

(b) Disagree 

(c) Disagree Somewhat 

(d) Neither Agree nor Disagree 

(e) Agree Somewhat 

(f) Agree 

(g) Strongly Agree 

2. I feel like others respect and admire me. 

(a) Strongly Disagree 

(b) Disagree 

(c) Disagree Somewhat 

(d) Neither Agree nor Disagree 
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(e) Agree Somewhat 

(f) Agree 

(g) Strongly Agree 

3. I am concerned about the impression I make on others. 

(a) Strongly Disagree 

(b) Disagree 

(c) Disagree Somewhat 

(d) Neither Agree nor Disagree 

(e) Agree Somewhat 

(f) Agree 

(g) Strongly Agree 

4. How often do you think about how your performance compares with the 

performance of others on similar tasks? 

(a) Never 

(b) Almost Never (Rarely), in less than 10 

(c) Occasionally, in about 30 

(d) Sometimes, in about 50 

(e) Frequently, in about 70 

(f) Almost Every time (Usually) in about 90 

(g) Every time 

5. I am concerned about how well I perform relative to others. 

(a) Strongly Disagree 
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(b) Disagree 

(c) Disagree Somewhat 

(d) Neither Agree nor Disagree 

(e) Agree Somewhat 

(f) Agree 

(g) Strongly Agree 

6. Knowing that my performance is compared to others interferes with my ability to 

concentrate on the problems. 

(a) Strongly Disagree 

(b) Disagree 

(c) Disagree somewhat 

(d) Neither agree nor disagree 

(e) Agree Somewhat 

(f) Agree 

(g) Strongly Agree 

A.5 Post-Experiment Questionnaire 

Thank you for participating in our experiment. We would like to ask you a few 

questions. Your privacy will be protected, and your name will not be linked to your answers 

to this questionnaire.  

1. What was your rank on the performance feedback shown to you after the first 

round? 
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2. In the relative performance feedback shown to you after the first round, 

approximately how many names (i.e., Adam), as opposed to the code numbers (i.e., 

245), were shown in the list? 

a) There were no names on the list. All the participants’ identities were 

represented by numbers. 

b) There were six names on the list. The rest of participants’ identities were 

represented by numbers. 

c) There were forty names on the list. All the participants’ identities were 

represented by names.  

3. What is your level of education? 

a) Primary Education (Pre-High School Degree) 

b) High school degree or equivalent (e.g., GED) 

c) Some college but no degree 

d) Bachelor’s degree 

e) Graduate degree or Graduate student 

4. What is your ethnicity? 

a) White 

b) Asian 

c) Black 
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d) Latino/ Latina  

e) Prefer not to respond  

f) Other: 

5. What is your native language?  

a) English  

b) Other: 

6. What is your Gender? 

a) Male 

b) Female 

c) Prefer no to respond 

7. How old are you? 

a) 18-22 years old 

b) 22-26 years old 

c) 26-30 years old 

d) 30-40 years old 

e) 40-50 years old 

f) Older than 50 
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General Questions: Please respond to the following questions and sentences using the scale 

indicated for each question. 

8. How did you feel about your general performance during the experiment? 

a) Ashamed very strongly 

b) Ashamed strongly 

c) Ashamed slightly 

d) Neither ashamed nor proud 

e) Proud slightly 

f) Proud strongly 

g) Proud very strongly 

9. How often did you think about how your performance compared with those of the 

other participants? 

a) Never 

b) Almost Never (Rarely), in less than 10 

c) Occasionally, in about 30 

d) Sometimes, in about 50 

e) Frequently, in about 70 

f) Almost Every time (Usually) in about 90 

g) Every time 
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10. I was concerned about how well I was performing relative to the other participants. 

a) Strongly Disagree 

b) Disagree 

c) Disagree Somewhat 

d) Neither Agree nor Disagree 

e) Agree Somewhat 

f) Agree 

g) Strongly Agree 

11. Knowing that my performance was going to be compared to that of the other 

participants interfered with my ability to concentrate on the problems. 

a) Strongly Disagree 

b) Disagree 

c) Disagree Somewhat 

d) Neither Agree nor Disagree 

e) Agree Somewhat 

f) Agree 

g) Strongly Agree 
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A.6 Supplemental Data and Analysis: Full Table of the Demographic Controls 

Table A.1 Descriptive Statistics for Demographic Controls 

Education 
No 

Feedback 
N=38 

Private 
RPF 

N=39 

Public 
RPF 

N=39 

Hybrid 
RPF 

N=45 

Total 
N=161 

High School degree or lower 5 1 3 4 13 
 38.46 7.69 23.08 30.77 100.00 
 13.16 2.56 7.69 8.89 8.07 
Some college but no degree 8 12 18 14 52 
 15.38 23.08 34.62 26.92 100.00 
 21.05 30.77 46.15 31.11 32.3 
Bachelor degree 20 15 14 19 68 
 29.41 22.06 20.59 27.94 100.00 
 52.63 38.46 35.9 42.22 42.24 
Graduate degree or Graduate student 5 11 4 8 28 
 17.86 39.29 14.29 28.57 100.00 
 13.16 28.21 10.26 17.78 17.39 
Ethnicity      
White 30 29 26 29 114 
 26.32 25.44 22.81 25.44 100.00 
 78.95 74.36 66.67 64.44 70.81 
Asian 5 3 7 6 21 
 23.81 14.29 33.33 28.57 100.00 
 13.16 7.69 17.95 13.33 13.04 
Black 2 5 4 4 15 
 13.33 33.33 26.67 26.67 100.00 
 5.26 12.82 10.26 8.89 9.32 
Other/ Prefer not to respond 1 2 2 6 11 
 9.09 18.18 18.18 54.55 100.00 
 2.63 5.13 5.13 13.33 6.83 
Gender      
Male 26 28 22 29 105 
 24.76 26.67 20.95 17.62 100.00 
 68.42 71.79 56.41 64.44 65.22 
Female 12 11 17 16 56 
 21.43 19.64 30.36 28.57 100.00 
 31.58 28.21 43.59 35.56 34.78 
Age      
18-26 years 7 4 5 10 26 
 26.92 15.38 19.23 38.46 100.00 
 18.42 10.26 12.82 22.22 16.15 
26-30 years 6 4 5 8 23 
 26.09 17.39 21.74 34.78 100.00 
 15.79 10.26 12.82 17.78 14.29 
30-40 years 18 16 19 17 70 
 25.71 22.86 27.14 24.29 100.00 
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 47.37 41.03 48.72 37.78 43.48 
40-50 years 6 9 7 5 27 
 22.22 33.33 25.93 18.52 100.00 
 15.79 23.08 17.95 11.11 16.77 
Older than 50 years 1 6 3 5 15 
 6.67 40 20 33.33 100.00 
 2.63 15.38 7.69 11.11 9.32 
Total 38 39 39 45 161 
 23.60 24.22 24.22 27.95 100.00 
 100.00 100.00 100.00 100.00 100.00 
Notes. First row has frequencies; second row has row percentages and third row has column percentages 
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A.7 Supplemental Data and Analysis: Main Results of the Fictitious Feedback 

Experiment with Demographic Controls 

Table A.2 Main Effect of RPF Treatment on Total Performance with Fully Disclosed 

Demographic Controls 

Notes. Robust standard errors in parentheses. SC1 represents the first-round score. ˆ, **, and *** 
denote significance at the 10%, 5%, and 1% levels, respectively. 
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B APPENDIX TO CHAPTER 2 

Appendix B constitutes all appendices to Chapter 2 of the dissertation. 

B.1 Pre-Experiment Questionnaire 

Please indicate your agreement with the following sentences and questions. Your 

privacy will be protected, and your name will not be linked to your answers on this 

questionnaire.  

1. I am confident about my scholastic abilities concerning school and education.  

a) Strongly Disagree 

b) Disagree 

c) Disagree Somewhat  

d) Neither Agree nor Disagree  

e) Agree Somewhat 

f) Agree 

g) Strongly Agree  

2. I feel like others respect and admire me.  

a) Strongly Disagree 

b) Disagree 

c) Disagree Somewhat  

d) Neither Agree nor Disagree  
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e) Agree Somewhat 

f) Agree 

g) Strongly Agree  

3. I am concerned about the impression I make on others.  

a) Strongly Disagree 

b) Disagree 

c) Disagree Somewhat  

d) Neither Agree nor Disagree  

e) Agree Somewhat 

f) Agree 

g) Strongly Agree  

4. How often do you think about how your performance compares with the 

performance of others on similar tasks?  

a) Never 

b) Almost Never (Rarely), in less than 10  

c) Occasionally, in about 30 

d) Sometimes, in about 50 

e) Frequently, in about 70 
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f) Almost Every time (Usually) in about 90  

g) Every time  

5. I am concerned about how well I perform relative to others.  

a) Strongly Disagree 

b) Disagree 

c) Disagree Somewhat  

d) Neither Agree nor Disagree  

e) Agree Somewhat 

f) Agree 

g) Strongly Agree  

6. Knowing	that	my	performance	is	compared	to	others	interferes	with	my	ability	to	
concentrate	on	the	problems.		

a) Strongly Disagree 

b) Disagree 

c) Disagree Somewhat  

d) Neither Agree nor Disagree  

e) Agree Somewhat 

f) Agree 

g) Strongly Agree  
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B.2.Video Transcripts for Treatment Best Practice and Pseudo Best Practice Video  

B.2.1 Transcript for the Treatment Best Practice Tip 

Note sentences in italic, used to give narrator guidance and is not part of the actual 

video recording. 

B.2.2. Animation Script – Best Practice Tip for Knapsack: Strict Forward Search 

1. Narrator introduces herself.  

My name is [pick a name]. I have participated in the study in the past, and I am 

gladly going to share an illustrative example with you.  

2. Narrator introduces the knapsack setting (capacity and objective).  

As you know, the objective is to maximize the value given the knapsack capacity, 

which is 9 for us. 

3. Narrator introduces the items available.  

We have 3 Items to select from, each with different values and weights. 

4. Narrator introduces the best practice tip, and the pre-calculated ratios (animated). 

My approach is to use strict forward search, a method where you calculate the 

value-to-weight ratio for each item and prioritize the highest ratio item to put in the 

knapsack, given it will fit inside.  

5. Narrator starts picking items in an order. Keep reminding the audience about the 

remaining knapsack capacity.  
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○ 1st, we start with an empty bag (capacity is 9).  

○ We select the highest ratio item, item A, with a ratio of 4. Item A fits 

because its weight is 7, which is less than the available capacity of 9. Now 

the remaining capacity is 2.  

○ Then, we consider the second highest ratio item, Item B, with a value of 14 

and weight of 4. Since the available capacity is 2, which is less than the 

weight of Item B, it does not fit; thus, we drop Item B.  

○ Now, we select the 3rd highest ratio item, Item C, with a value of 6 and 

weight of 2. Item C fits. With this item, we fill our knapsack and the 

remaining capacity now is 0. We have reached the solution as no other items 

will fit in the bag.   

6. Narrator sums the results and recaps the method: 

Using this method, we selected two items, A and C, and reached a value of 34. We 

were not able to put Item B in the knapsack, because its weight was bigger than the 

remaining capacity. So remember to keep an eye on it while picking your highest ratio 

item. 

7. Narrator Wraps up and wish them good luck. 

I hope this video helps you get better at solving similar problems. Thanks for 

watching! 
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B.2.2 Transcript for the Pseudo Best Practice Tip 

Pseudo Best Practice Video Script – Basic Instructions/Tutorial for Solving A Problem:  

1. My name is [pick a name]. I’m here to help you with the problems.  

2. As you know, the objective is to maximize the value inside the bag given the weight 

capacity. 

3. Let me give you an illustrative example. 

4. We have a bag with a weight limit of 9 and 3 Items to select from, each with 

different values and weights. 

5. 1st, we start with an empty bag. 

a. Check the weights for each item. Their weights are all less than 9, so each 

is a candidate for our solution.  

○ Then, we start looking for combinations of items.  

○ For example, if we put items B and C in the bag, the total weight would be 

6 (4+2 = 6), which is less than the capacity limit of 9, so it is feasible.  The 

total value of these two items is (14+6) 20.   

○ Alternatively, we could put items A and C in the bag. Total weight is equal 

to 9 lbs (7+2= 9). This set has a collective value of 34 (28+14), which is 

greater than the previous set's value of 20, and, therefore would be a better 

answer. 

○ Always remember, Items must fit in the bag. For instance, the set of A and 

B is not feasible as the total weight of 11 (7 +4) exceeds the bag capacity of 
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9. Even though the value of this new set is greater than 34, 42 (28+14) is 

not a feasible answer. 

6. Using this method, we selected two items, A and C, and reached a value of 34. We 

were not able to put Item B in the bag because its weight was bigger than the 

remaining capacity.  

7. I hope this video helps you get better at solving similar problems. Thanks for 

watching! 

B.3 Post-Experiment Questionnaire 

Thank you for participating in our experiment. We would like to ask you a few 

questions. Your privacy will be protected, and your name will not be linked to your answers 

to this questionnaire. 

1. What was your rank on the performance feedback shown to you after the first 

round?  

2. In the relative performance feedback shown to you after the first round, 

approximately how many names (i.e., Adam), as opposed to the code numbers (i.e., 

245), were shown in the list? 

(a) There were no names on the list. All of the participants’ identities were 

represented by numbers. 

(b) There were six names on the list. The rest of participants’ identities were 

represented by numbers. 



 

 

179 

(c) There were forty names on the list. All of the participants’ identities were 

represented by names. 

3. What is your level of education? 

(a) Primary Education (Pre High School Degree)  

(b) High school degree or equivalent (e.g., GED)  

(c) Some college but no degree 

(d) Bachelor’s degree 

(e) Graduate degree or Graduate student 

4. You indicated that you are/were a college student. What is/was your major field of 

study? If you are/were double majoring, please select all that apply. 

(a) Business (any kind)  

(b) Math, Statistics or Economics  

(c) Physical Sciences, Technology and Engineering (any kind)  

(d) Social Sciences and Education (Phycology, Sociology, Communications etc.)  

(e) Education 

(f) Other 

5. What is your ethnicity?  

(a) White 
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(b) Asian 

(c) Black 

(d) Latino/ Latina 

(e) Prefer not to respond 

 (f) Other: 

6. What is your native language?  

(a) English 

(b) Other: 

7. What is your Gender? 

(a) Male 

(b) Female 

(c) Prefer no to respond 

8. How old are you?  

(a) 18-22 years old  

(b) 22-26 years old  

(c) 26-30 years old 

(d) 30-40 years old  

(e) 40-50 years old  
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(f) Older than 50 

General Questions: Please respond to the following questions and sentences using 

the scale indicated for each question. 

9. How did you feel about your general performance during the experiment? (a) 

Ashamed very strongly 

(b) Ashamed strongly 

(c) Ashamed slightly 

(d) Neither ashamed nor proud  

(e) Proud slightly 

(f) Proud strongly 

(g) Proud very strongly 

10. How often did you think about how your performance compared with those of the 

other participants? 

(a) Never 

(b) Almost Never (Rarely), in less than 10  

(c) Occasionally, in about 30 

(d) Sometimes, in about 50 

(e) Frequently, in about 70 

(f) Almost Every time (Usually) in about 90  
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(g) Every time 

11. I was concerned about how well I was performing relative to the other participants’ 

(a) Strongly Disagree 

(a) Strongly Disagree 

(b) Disagree 

(c) Disagree Somewhat 

(d) Neither Agree nor Disagree  

(e) Agree Somewhat 

(f) Agree 

(g) Strongly Agree 

12. Knowing that my performance was going to be compared to that of the other 

participants interfered with my ability to concentrate on the problems 

(a) Strongly Disagree 

(b) Disagree 

(c) Disagree Somewhat 

(d) Neither Agree nor Disagree  

(e) Agree Somewhat 

(f) Agree 
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(g) Strongly Agree 

Please answer the following five questions based on the video you watched during 

the study in between rounds. 

13. Did you know the best practice tip shown in the video before watching the video 

in this experiment? 

(a) Yes, I knew the best practice tip before watching the video. 

(b) No, the video has provided me with the best practice tip about solving these 

questions for the first time. 

14. Did you use the best practice tip shown in the video while solving the second round 

of questions? 

(a) Yes, I used the practice while solving the second-round question. 

(b) No, I did not use the practice while solving the second round of questions. 

15. Do you find the best practice tip shown in the video effective at solving similar 

questions? 

(a)Completely Ineffective 

(b)Somewhat Ineffective 

(c)Neither Effective nor Ineffective 

(d)Somewhat Effective 

(e)Completely Effective 
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16. How likely do you adopt/use the best practice tip in the future for solving similar 

questions? 

(a) Extremely Unlikely 

(b) Unlikely 

(c) Neutral 

(d) Likely 

(e) Extremely Likely 

17. Do you recommend any other practice tips for solving similar problems to others 

that make them solve problems more effectively? If you click yes, you will get a 

screen where you can provide details about the other practice tips you would like 

to recommend. 

(a) Yes 

(b) No 

18. (If clicked yes) Please provide details about other practice tips you would like to 

recommend. 
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B.4 Descriptive Statistics  

Table B.1 Descriptive Statistics for Demographic Controls, 1st Experiment 

 
Education 

No Feedback 
N=87 

Public RPF 
N=85 

Hybrid RPF 
N=87 

Total 
N=259 

High School degree 1 2 5 8 
 12.50 25.00 62.50 100.00 
 1.15 2.35 5.75 3.09 
Some college but no degree 6 6 4 16 
 37.50 37.50 25.00 100.00 
 6.90 7.06 4.60 6.18 
Bachelor degree 67 68 72 207 
 32.37 32.85 34.78 100.00 
 77.01 80.00 82.76 79.92 
Graduate degree or Graduate student 13 9 6 28 
 46.43 32.14 21.43 100.00 
 14.94 10.59 6.90 10.81 
 Major Study     

Business 15 18 17 50 
 30.00 36.00 34.00 100.00 
 17.24 21.18 19.54 19.31 
Math or Economics 10 7 12 29 
 34.48 24.14 41.38 100.00 
 11.49 8.24 13.79 11.20 
Physical Sciences & Engineering 32 30 23 85 
 37.65 35.29 27.06 100.00 
 36.78 35.29 26.44 32.82 
Social Sciences 14 14 15 43 
 32.56 32.56 34.88 100.00 
 16.09 16.47 17.24 16.60 
Education 12 14 15 41 
 29.27 34.15 36.59 100.00 
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 13.79 16.47 17.24 15.83 
Other 4 2 5 11 
 36.36 18.18 45.45 100.00 
 4.60 2.35 5.75 4.25 
 Ethnicity     

White 76 65 76 217 
 35.02 29.95 35.02 100.00 
 87.36 76.47 87.36 83.78 
Asian 3 7 5 15 
 20.00 46.67 33.33 100.00 
 3.45 8.24 5.75 5.79 
Black 4 5 1 10 
 40.00 50.00 10.00 100.00 
 4.60 5.88 1.15 3.86 
Latino/Latina 4 5 5 14 
 28.57 35.71 35.71 100.00 
 4.60 5.88 5.75 5.41 
Other/ Prefer not to respond 0 3 0 3 
 0.00 100.00 0.00 100.00 
 0.00 3.53 0.00 1.16 
Language No Feedback Public RPF Hybrid RPF Total 
English 87 85 87 259 
 33.59 32.82 33.59 100.00 
 100.00 100.00 100.00 100.00 
 Gender     
Male 41 43 45 129 
 31.78 33.33 34.88 100.00 
 47.13 50.59 51.72 49.81 
Female 46 42 42 130 
 35.38 32.31 32.31 100.00 
 52.87 49.41 48.28 50.19 
Age     
22-26 years 7 8 13 28 
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 25.00 28.57 46.43 100.00 
 8.05 9.41 14.94 10.81 
26-30 years 12 18 14 44 
 27.27 40.91 31.82 100.00 
 13.79 21.18 16.09 16.99 
30-40 years 37 33 39 109 
 33.94 30.28 35.78 100.00 
 42.53 38.82 44.83 42.08 
40-50 years 20 9 13 42 
 47.62 21.43 30.95 100.00 
 22.99 10.59 14.94 16.22 
Older than 50 years 11 17 8 36 
 30.56 47.22 22.22 100.00 
 12.64 20.00 9.20 13.90 
Total 87 85 87 259 
 33.59 32.82 33.59 100.00 
 100.00 100.00 100.00 100.00 

Notes. First row has frequencies; second row has row percentages, and third row has column 
percentages. 
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Table B.2 Descriptive Statistics for Demographic Controls, 2nd  Experiment 

 
Education 

No 
Feedback 
N=45 

Public 
RPF 
N=46 

Hybrid 
RPF 
N=45 

Public RPF & 
BP 
N=44 

Total 
N=180 

Pre High School 
degree 

0 0 1 0 1 
0.00 0.00 100.00 0.00 100.00 

 0.00 0.00 2.22 0.00 0.56 
High School degree 4 1 3 5 13 
 30.77 7.69 23.08 38.46 100.00 
 8.89 2.17 6.67 11.36 7.22 

Some college but no 
degree 

7 10 12 7 36 
19.44 27.78 33.33 19.44 100.00 

 15.56 21.74 26.67 15.91 20.00 
Bachelor degree 25 26 20 24 95 
 26.32 27.37 21.05 25.26 100.00 
 55.56 56.52 44.44 54.55 52.78 

Graduate degree or 
Graduate student 

9 9 9 8 35 
25.71 25.71 25.71 22.86 100.00 

 20.00 19.57 20.00 18.18 19.44 
 Major Study      

Business 11 9 9 7 36 
 30.56 25.00 25.00 19.44 100.00 
 24.44 19.57 20.00 15.91 20.00 
Math or Economics 2 6 1 4 13 
 15.38 46.15 7.69 30.77 100.00 
 4.44 13.04 2.22 9.09 7.22 

Physical Sciences & 
Engineering 

12 9 10 7 38 
31.58 23.68 26.32 18.42 100.00 

 26.67 19.57 22.22 15.91 21.11 
Social Sciences 11 5 14 14 44 
 25.00 11.36 31.82 31.82 100.00 
 24.44 10.87 31.11 31.82 24.44 
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Education 5 3 6 5 19 
 26.32 15.79 31.58 26.32 100.00 
 11.11 6.52 13.33 11.36 10.56 
Other 4 14 5 7 30 
 13.33 46.67 16.67 23.33 100.00 
 8.89 30.43 11.11 15.91 16.67 
 Ethnicity      

White 32 42 33 37 144 
 22.22 29.17 22.92 25.69 100.00 
 71.11 91.30 73.33 84.09 80.00 
Asian 3 1 5 4 13 
 23.08 7.69 38.46 30.77 100.00 
 6.67 2.17 11.11 9.09 7.22 
Black 3 2 3 2 10 
 30.00 20.00 30.00 20.00 100.00 
 6.67 4.35 6.67 4.55 5.56 
Latino/Latina 1 0 2 1 4 
 25.00 0.00 50.00 25.00 100.00 
 2.22 0.00 4.44 2.27 2.22 

Other/ Prefer not to 
respond 

6 1 2 0 9 
66.67 11.11 22.22 0.00 100.00 
13.33 2.17 4.44 0.00 5.00 

Language      
English 44 46 45 41 176 
 25.00 26.14 25.57 23.30 100.00 
 97.78 100.00 100.00 93.18 97.78 
 1 0 0 3 4 
 25.00 0.00 0.00 75.00 100.00 
 2.22 0.00 0.00 6.82 2.22 
 Gender      
Male 27 22 22 20 91 
 29.67 24.18 24.18 21.98 100.00 
 60.00 47.83 48.89 45.45 50.56 
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Female 18 24 23 24 89 
 20.22 26.97 25.84 26.97 100.00 
 40.00 52.17 51.11 54.55 49.44 
Age      
18-22 years 1 1 1 0 3 
 33.33 33.33 33.33 0.00 100.00 
 2.22 2.17 2.22 0.00 1.67 
22-26 years 1 4 3 3 11 
 9.09 36.36 27.27 27.27 100.00 
 2.22 8.70 6.67 6.82 6.11 
26-30 years 4 4 3 2 13 
 30.77 30.77 23.08 15.38 100.00 
 8.89 8.70 6.67 4.55 7.22 
30-40 years 19 11 19 9 58 
 32.76 18.97 32.76 15.52 100.00 
 42.22 23.91 42.22 20.45 32.22 
40-50 years 9 11 11 17 48 
 18.75 22.92 22.92 35.42 100.00 
 20.00 23.91 24.44 38.64 26.67 
Older than 50 years 11 15 8 13 47 
 23.40 31.91 17.02 27.66 100.00 
 24.44 32.61 17.78 29.55 26.11 
Total 45 46 45 44 180 
 25.00 25.56 25.00 24.44 100.00 
 100.00 100.00 100.00 100.00 100.00 

Notes. First row has frequencies; second row has row percentages, and third row has column 
percentages. 
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Table B.3 Correlation Matrix for Main Variables, 2nd Experiment  

 (1) (2) (3) (4) (5) (6) (7) (8) (9) (10) 
Total Score 1.00          
1st Round Score 0.84* 1.00         
1st Round BPA 0.74* 0.84* 1.00        
Total BPA 0.91* 0.78* 0.81* 1.00       
Education 0.11 0.17* 0.10 0.12 1.00      
Major -0.05 -0.05 -0.05 -0.06 -0.01 1.00     
Ethnicity 0.13 0.14 0.07 0.05 -0.08 -0.06 1.00    
Language 0.04 0.05 0.02 0.04 0.17* -0.04 0.12 1.00   
Gender -0.28* -0.36* -0.26* -0.21* -0.10 0.11 -0.14 0.00 1.00  
Age -0.23* -0.24* -0.28* -0.22* 0.01 0.16* -0.14 0.09 0.13 1.00 

Notes. Columns from (1) to (10) represents variables in order: Total Score, 1st Round Score, 1st 
Round BPA, Total BPA, Education, Major, Ethnicity, Language, Gender and Age. 
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B.5 H1 Effect on KS with controls 

Table B.4 Effect of RPF on Knowledge Seeking with Controls 

 (1) (2) (3) (4) 
VARIABLES KS KS KS KS 
     
RPF 0.636** 0.725**   
 (0.313) (0.364)   
Public RPF   0.389 0.499 
   (0.356) (0.413) 
Hybrid RPF   0.917** 0.965** 
   (0.397) (0.462) 
(Education) Some college but no degree  -0.0538  0.0687 
  (1.211)  (1.283) 
(Education) Bachelor degree  1.113  1.240 
  (1.099)  (1.180) 
(Education) Graduate degree or Graduate student  1.242  1.407 
  (1.146)  (1.232) 
(Major) Math or Economics  0.625  0.568 
  (0.744)  (0.750) 
(Major) Physical Sciences & Engineering  0.905**  0.928** 
  (0.433)  (0.430) 
(Major) Social Sciences  0.738  0.737 
  (0.552)  (0.552) 
(Major) Education  1.459^  1.456^ 
  (0.845)  (0.857) 
(Major) Other  -0.276  -0.330 
  (0.790)  (0.802) 
(Ethnicity) Asian  -1.121  -1.021 
  (0.684)  (0.675) 
(Ethnicity) Black  -0.777  -0.626 
  (0.841)  (0.855) 
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(Ethnicity) Other/Prefer not to respond  -0.199  0.145 
  (2.967)  (3.130) 
(Ethnicity) Latino/Latina)  -0.207  -0.172 
  (0.591)  (0.599) 
(Language) English, omitted  -  - 
     
Female  0.373  0.377 
  (0.364)  (0.363) 
(Age) 26-30 years  -0.757  -0.648 
  (0.895)  (0.893) 
(Age) 30-40 years  -0.727  -0.646 
  (0.884)  (0.871) 
(Age) 40-50 years  -1.932**  -1.882** 
  (0.856)  (0.846) 
(Age) Older than 50 years  -1.736^  -1.587^ 
  (0.895)  (0.890) 
Correct Answers Round 1 -0.271*** -0.205** -0.281*** -0.206** 
 (0.0802) (0.0920) (0.0802) (0.0906) 
Constant 1.435*** 0.650 1.460*** 0.426 
 (0.298) (1.391) (0.299) (1.453) 
     
Observations 253 253 253 253 
Controls NO YES NO YES 

Notes. Robust standard errors in parentheses Controls include education, major, gender, ethnicity, 
language, and age dummies. ˆ, **, and *** denote significance at the 10%, 5%, and 1% levels, 
respectively. 
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Table B.5 Marginal Effects of RPF on Knowledge Seeking with Controls 

 (1) (2) (3) (4) 
VARIABLES KS KS KS KS 
     
RPF 0.111** 0.111**   
 (0.0542) (0.0542)   
Public RPF   0.0764 0.0761 
   (0.0694) (0.0627) 
Hybrid RPF   0.157** 0.147** 
   (0.0657) (0.0673) 

(Education) Some  
college but no degree 

 -0.00823  0.0105 
 (0.185)  (0.195) 

(Education) Bachelor degree  0.170  0.189 
  (0.169)  (0.181) 

(Education) Graduate degree  
or Graduate student 

 0.190  0.214 
 (0.177)  (0.190) 

(Major) Math or Economics  0.0956  0.0865 
  (0.110)  (0.112) 

(Major) Physical Sciences 
& Engineering 

 0.138**  0.141** 
 (0.0664)  (0.0654) 

(Major) Social Sciences  0.113  0.112 
  (0.0844)  (0.0837) 
(Major) Education  0.223^  0.222^ 
  (0.122)  (0.123) 
(Major) Other  -0.0422  -0.0503 
  (0.121)  (0.123) 
(Ethnicity) Asian  -0.171^  -0.156 
  (0.102)  (0.101) 
(Ethnicity) Black  -0.119  -0.0954 
  (0.128)  (0.131) 

(Ethnicity) Other/ 
Prefer not to respond 

 -0.0304  0.0222 
 (0.454)  (0.477) 
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(Ethnicity) Latino/Latina)  -0.0317  -0.0261 
  (0.0903)  (0.0913) 
(Language) English-omitted  -  - 
     
Female  0.0570  0.0574 
  (0.0547)  (0.0543) 
(Age) 26-30 years  -0.116  -0.0988 
  (0.136)  (0.136) 
(Age) 30-40 years  -0.111  -0.0984 
  (0.134)  (0.132) 
(Age) 40-50 years  -0.295**  -0.287** 
  (0.130)  (0.128) 
(Age) Older than 50 years  -0.265**  -0.242^ 
  (0.133)  (0.133) 

Correct Answers Round 1 -0.0473*** -0.0314** -0.0487*** -0.0314** 

 (0.0145) (0.0137) (0.0144) (0.0136) 
     
Observations 253 253 253 253 
Controls NO YES NO YES 

Notes. Robust standard errors in parentheses Controls include education, major, gender, ethnicity, 
language, and age dummies. ˆ, **, and *** denote significance at the 10%, 5%, and 1% levels, 
respectively. 
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B.6 H2 Effect on BPA with Controls 

Table B.6 Effect of RPF on BPA with controls 

 (1) (2) (3) (4) 
VARIABLES BPA BPA BPA BPA 

     
RPF 0.150 0.0939   
 (0.192) (0.186)   
Public RPF   0.252 0.149 
   (0.226) (0.218) 
Hybrid RPF   0.0478 0.0402 
   (0.215) (0.213) 

(Education) Some college  
but no degree 

 -0.353  -0.378 
 (0.604)  (0.603) 

(Education) Bachelor degree  -0.310  -0.334 
  (0.536)  (0.533) 

(Education) Graduate degree 
 or Graduate student 

 0.0362  0.00704 
 (0.630)  (0.626) 

(Major) Math or Economics  -1.058***  -1.047*** 
  (0.356)  (0.356) 

(Major) Physical Sciences  
& Engineering 

 -0.288  -0.291 
 (0.279)  (0.279) 

(Major) Social Sciences  -0.456  -0.452 
  (0.321)  (0.322) 
(Major) Education  -0.479  -0.477 
  (0.370)  (0.371) 
(Major) Other  -0.236  -0.218 
  (0.478)  (0.486) 
(Ethnicity) Asian  0.457  0.437 
  (0.549)  (0.545) 
(Ethnicity) Black  0.165  0.134 
  (0.453)  (0.446) 
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(Ethnicity) Other/ 
Prefer not to respond 

 -1.041^  -1.121^ 
 (0.561)  (0.581) 

(Ethnicity) Latino/Latina)  0.678  0.672 
  (0.432)  (0.434) 
(Language) English- Omitted  -  - 
     
Female  -0.454***  -0.453*** 
  (0.174)  (0.174) 
(Age) 26-30 years  0.352  0.327 
  (0.367)  (0.370) 
(Age) 30-40 years  0.183  0.163 
  (0.354)  (0.357) 
(Age) 40-50 years  -0.0723  -0.0856 
  (0.370)  (0.374) 
(Age) Older than 50 years  0.503  0.468 
  (0.420)  (0.419) 
BPA 1st Round 1.382*** 1.366*** 1.384*** 1.367*** 
 (0.0748) (0.0756) (0.0753) (0.0760) 
Correct Answers 1st Round  0.245*** 0.240*** 0.247*** 0.241*** 
 (0.0519) (0.0567) (0.0516) (0.0567) 
Constant 0.752*** 1.442** 0.745*** 1.484** 
 (0.158) (0.673) (0.158) (0.672) 
     
Observations 253 253 253 253 
Adjusted R-squared 0.731 0.744 0.731 0.744 
Controls NO YES NO YES 
F test model 177.7  133  

Notes. Robust standard errors in parentheses Controls include education, major, gender, ethnicity, 
language, and age dummies. ˆ, **, and *** denote significance at the 10%, 5%, and 1% levels, 
respectively. 
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Table B.7 Effect of RPF on Perceived BPA, with Controls 

 (1) (2) (3) (4) 

VARIABLES BPA 
Perceived 

BPA 
Perceived 

BPA 
Perceived 

BPA 
Perceived 

     
RPF 0.166^ 0.209**   
 (0.0936) (0.0920)   
Public RPF   0.252 0.232** 
   (0.226) (0.108) 
Hybrid RPF   0.0478 0.186^ 
   (0.215) (0.105) 

(Education) Some college but no 
degree 

 0.167  0.157 
 (0.451)  (0.451) 

(Education) Bachelor degree  0.584  0.575 
  (0.412)  (0.410) 

(Education) Graduate degree or 
Graduate student 

 0.609  0.596 
 (0.433)  (0.432) 

(Major) Math or Economics  0.347**  0.351** 
  (0.157)  (0.159) 

(Major) Physical Sciences & 
Engineering 

 0.0675  0.0659 
 (0.124)  (0.124) 

(Major) Social Sciences  -0.251  -0.250 
  (0.155)  (0.156) 
(Major) Education  -0.279^  -0.278^ 
  (0.161)  (0.162) 
(Major) Other  -0.0404  -0.0336 
  (0.289)  (0.290) 
(Ethnicity) Asian  0.0207  0.0173 
  (0.176)  (0.177) 
(Ethnicity) Black  0.109  0.0978 
  (0.230)  (0.226) 
(Ethnicity) Other/Prefer not to 
respond  -0.450  -0.480 
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 (0.410)  (0.415) 
(Ethnicity) Latino/Latina)  0.0967  0.0945 
  (0.204)  (0.205) 
(Language) English- Omitted  -  - 
     
Female  0.0678  0.0674 
  (0.0858)  (0.0859) 
BPA 1st Round 0.109*** 0.109*** 0.384*** 0.109*** 
 (0.0355) (0.0341) (0.0753) (0.0344) 
Correct Answers 1st Round -0.0449 -0.0550** 0.247*** -0.0546** 
 (0.0277) (0.0257) (0.0516) (0.0257) 
Constant 3.898*** 3.336*** 0.745*** 3.344*** 
 (0.0940) (0.439) (0.158) (0.436) 
     
Observations 253 253 253 253 
Adjusted R-squared 0.035 0.105 0.298 0.102 
Controls NO YES NO YES 
F test model 3.805  20.71  

Notes. Robust standard errors in parentheses Controls include education, major, gender, ethnicity, 
language, and age dummies. ˆ, **, and *** denote significance at the 10%, 5%, and 1% levels, 
respectively. 
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B.7 H3 Effect on RPF with Controls 

Table B.8 Effect of RPF on Total Performance, with Controls 

 (1) (2) (3) (4) 

VARIABLES Total 
Performance 

Total 
Performance 

Total 
Performance 

Total 
Performance 

     
RPF 0.102 0.468^   
 (0.270) (0.265)   
Public RPF & Pseudo BP   0.265 0.662^ 
   (0.372) (0.370) 
No Feedback BP Only   0.0998 0.0591 
   (0.384) (0.358) 
Public RPF & BP   0.0334 0.336 
   (0.332) (0.337) 

(Education) Some college  
but no degree 

 -0.0524  -0.00851 
 (0.499)  (0.538) 

(Education) Bachelor degree  -0.287  -0.230 
  (0.427)  (0.493) 

(Education) Graduate degree  
or Graduate student 

 -0.344  -0.309 
 (0.434)  (0.492) 

(Major) Math or Economics  -0.214  -0.220 
  (0.641)  (0.632) 

(Major) Physical Sciences  
& Engineering 

 0.498  0.503 
 (0.458)  (0.460) 

(Major) Social Sciences  0.577  0.632 
  (0.390)  (0.385) 
(Major) Education  -0.330  -0.302 
  (0.483)  (0.482) 
(Major) Other  0.228  0.193 
  (0.437)  (0.446) 
(Ethnicity) Asian  1.898***  1.936*** 
  (0.596)  (0.614) 
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(Ethnicity) Black  -1.229**  -1.226** 
  (0.532)  (0.542) 
(Ethnicity) Prefer no to respond  -0.187  -0.143 
  (1.032)  (1.058) 
(Ethnicity) Latino/Latina  1.912***  1.917*** 
  (0.571)  (0.574) 
(Language) Other  -0.610  -0.500 
  (1.242)  (1.245) 
Female  -0.0854  -0.0789 
  (0.284)  (0.286) 
(Age) 22-26 years  -1.391  -1.381 
  (1.137)  (1.112) 
(Age) 26-30 years  -2.768***  -2.768*** 
  (1.034)  (1.008) 
(Age) 30-40 years  -1.258  -1.228 
  (0.932)  (0.898) 
(Age) 40-50 years  -1.681^  -1.619^ 
  (0.933)  (0.905) 
(Age) Older than 50 years  -1.906**  -1.863** 
  (0.937)  (0.909) 
Correct Answers Round 1 1.680*** 1.604*** 1.681*** 1.606*** 
 (0.0587) (0.0607) (0.0592) (0.0607) 
Constant 2.523*** 4.162*** 2.468*** 4.009*** 
 (0.280) (1.012) (0.315) (1.088) 
     
Observations 180 180 180 180 
Adjusted R-squared 0.823 0.845 0.822 0.844 
Controls NO YES NO YES 
F test model 409.7  202.6  

Notes. Robust standard errors in parentheses Controls include education, major, gender, ethnicity, 
language, and age dummies. ˆ, **, and *** denote significance at the 10%, 5%, and 1% levels, 
respectively. 
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B.8 Effect on Total Performance without Best Practice Treatment  

Table B.9 Effect of RPF on Total Performance, without BP 

 (1) (2) (3) (4) 

VARIABLES Total 
Performance 

Total 
Performance 

Total 
Performance 

Total 
Performance 

RPF -0.206 -0.434   
 (0.242) (0.267)   

Public RPF 
  -0.290 -0.467 
  (0.278) (0.286) 

Hybrid RPF   -0.120 -0.402 
   (0.289) (0.324) 

(Education) Some college 
but no degree 

 0.583  0.576 
 (1.366)  (1.372) 

(Education) Bachelor’s degree  0.346  0.359 
  (1.993)  (1.998) 

(Education) Graduate degree or 
Graduate student 

 -0.587  -0.573 
 (1.992)  (1.999) 

(Major) Math or Economics  0.104  0.104 
  (0.358)  (0.359) 

(Major) Physical Sciences or 
Engineering (any kind) 

 -0.314  -0.315 
 (0.331)  (0.333) 

(Major) Social Sciences 
 -0.173  -0.172 
 (0.430)  (0.428) 

(Major) Education  -0.430  -0.407 
  (0.550)  (0.546) 
(Major) Other  -1.850  -1.836 
  (1.598)  (1.603) 
(Ethnicity) Asian  0.174  0.175 
  (0.444)  (0.445) 
(Ethnicity) Black  1.755***  1.746*** 
  (0.438)  (0.440) 
(Ethnicity) Latino/Latina  0.659  0.671 
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  (0.531)  (0.528) 
(Language) Other  2.090  2.047 
  (1.665)  (1.701) 
(Gender) Female  -0.277  -0.273 
  (0.240)  (0.240) 
(Age) 22-26 years  0.851  0.861 
  (1.163)  (1.157) 
(Age) 26-30 years  1.032  1.045 
  (1.180)  (1.171) 
(Age) 30-40 years  1.442  1.449 
  (1.159)  (1.153) 
(Age) 40-50 years  2.563**  2.572** 
  (1.267)  (1.258) 

(Age) Older than 50 years 
 1.458  1.470 
 (1.149)  (1.140) 

Correct Answers Round 1 1.621*** 1.622*** 1.618*** 1.621*** 
 (0.0452) (0.0492) (0.0459) (0.0497) 
Constant 2.395*** 1.301 2.400*** 1.276 
 (0.231) (1.785) (0.232) (1.787) 
Observations 202 202 202 202 
Adjusted R-squared 0.851 0.856 0.851 0.855 
Controls NO YES NO YES 
F test model 646.6  424.4  

Notes. Robust standard errors in parentheses Controls include education, major, gender, ethnicity, 
language, and age dummies. ˆ, **, and *** denote significance at the 10%, 5%, and 1% levels, 
respectively.
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