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Abstract 

There is a growing trend of continuously tracking performance metrics and providing them to employees 
via digital means without supervisor intermediation. Using a field experiment at a service organization, we 
examine how employees respond to transparent performance data previously available only to supervisors 
(i.e., daily performance metrics of employees in the same work group). We find that, compared with the 
pre-intervention mean value, the treatment group experienced an 11-percent decrease in strictly 
nonproductive time relative to the control group. The effect on reducing strictly nonproductive time seems 
greater than that on increasing strictly productive time. Performance improvements are greater in certain 
employee subsamples: those who previously perceived their supervisors as less-supportive, those with low 
intrinsic motivation, and those with high extrinsic motivation. We find inconclusive evidence on the 
moderating effects of social comparison orientation, suggesting that the main effect is unlikely to be driven 
by access to relative performance information.  

1 The researchers obtained human subjects research approval from their university to conduct this study. 



I. INTRODUCTION 

Performance feedback has long been an important management control tool to improve 

employee performance (Lourenco 2016, Bol 2008, Gibbs et al. 2003, Prendergast 1999). 

Traditionally, employees received such feedback from their supervisors, who carefully aggregated, 

filtered, and framed it to maximize positive effects on performance (Kluger and DeNisi 1996).  

However, with advances in technology, such supervisor-led performance feedback is losing 

ground in many companies (Cappelli and Tavis 2016)—including over 10 percent of the Fortune 

500 (Cunningham and McGregor 2015, Ewenstein et al. 2016)—to performance data shared 

directly with employees via dashboards or other digital means (Goler et al. 2016), reducing or 

eliminating the information transparency gap between supervisors and employees. Part of a larger 

trend towards deeper quantification of employee behaviors (Mazmanian and Beckman 2018, 

Pierce et al. 2015, Ranganathan and Benson 2020) and more immediate reporting of them (Mollick 

and Rothbard 2014, Staats et al. 2017), employees’ access to transparent performance data (i.e., 

more detailed, more frequent performance data accessible to a broader audience) allows both the 

employee and the supervisor to receive the same performance information simultaneously, 

disintermediating supervisors in the performance feedback process.  

 Using a field experiment, we examine how employees respond to receiving access to 

transparent performance data previously available only to supervisors. On the one hand, Feedback 

Intervention Theory (hereafter, FIT; Kluger and DeNisi 1996) indicates that performance feedback 

is likely to improve performance when it is perceived to be “objective” (e.g., delivered by 

computers), contains specific task-level information about a familiar job, or is delivered at higher 

frequency, because such feedback focuses employee attention towards the task-motivation and 

task-learning levels of their cognitive processes. Negative effects from adding subjectivity to 
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performance data have similarly been documented by the performance evaluation literature in 

accounting and economics (Bol 2008, Gibbs et al. 2003, Prendergast 1999) because it leads to 

biases (such as leniency bias and centrality bias), increases favoritism, and causes inconsistencies 

across supervisors and across employees. Access to transparent performance data without 

supervisor intermediation should, to a large extent, (a) focus employees’ efforts on improving task 

performance, (b) reduce the downside of managerial subjectivity, and (c) improve performance.  

On the other hand, when supervisors are intermediaries, they aggregate, filter, and frame the 

performance information to (a) minimize the information-processing costs for employees, (b) 

enable employees to interpret the data, (c) focus employees’ attention on the most relevant 

information, and (d) offer actionable guidance. When performance data flows directly to 

employees without supervisor intermediation, they may experience greater difficulty finding, 

recognizing, making sense of, and using it. Akin to Casas-Arce et al.’s (2017) finding that more 

(and more frequent) feedback may not improve employee performance, access to the same 

performance data as supervisors receive may not help—and could even hurt—performance.  

The purpose of this paper is therefore to address the open—and important—empirical question 

of whether or not access to transparent performance data, not intermediated by supervisors, 

improves employee performance. To do so, we conducted a field experiment with embedded-

participant observation at a large US gas utility. Prior to our study, the research site was 

representative of many business organizations in terms of the differences in ex ante information 

access between supervisors and employees: supervisors could see daily performance metrics from 

all employees under their supervision—automatically tracked by sensors in employees’ trucks, 

computers, and handheld devices—which the employees themselves could not see until 

supervisors chose to share it. During our study, a randomly selected group of frontline employees 
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(“service mechanics”) received access to transparent performance data—that is, direct access to 

individual-level performance metrics. These were exactly the same data that had previously been 

available only to their supervisors. Over several months, we compared this treatment group’s 

performance with that of the control group that did not receive direct access to these data. In a 

difference-in-differences analysis, we find that, compared with the pre-intervention mean value, 

the treatment group experienced an 11-percent decrease in strictly nonproductive time relative to 

the control group, suggesting that providing access to transparent performance data improved 

employee performance.2 We find a greater treatment effect on reducing strictly nonproductive time 

than on increasing strictly productive time (in both magnitude and significance), suggesting that 

employees—left to make sense of performance data without supervisor intermediation—focused 

more on reducing activities perceived as “bad” or “nonproductive” than on increasing activities 

perceived as “good” or “productive” (Baumeister et al. 2001, p. 323). 

Two moderating effects allow us to unpack that result. Consistent with our view of transparent 

performance data as potential substitutes for “bad” supervisors, we find that employees who 

perceived low supervisor support ex ante had treatment effects of greater magnitude and statistical 

significance for both reducing strictly nonproductive time and increasing strictly productive time. 

Consistent with our view of transparent performance data as presenting greater external 

performance pressure and information-processing challenges, we find that access to such data 

impacts employees with different motivation types in predictably different ways: performance 

improvement effects are greater for those with relatively low intrinsic motivation or relatively high 

extrinsic motivation.  

2 In our setting, an employee’s time during a workday is automatically measured and tracked in three categories: strictly productive 
time (spent on revenue-generating activities), support time (spent on work activities that do not directly generate revenue), and 
strictly nonproductive time (spent on non-work activities). An employee has considerable control over how to allocate time across 
the three categories, as more revenue-generating tasks can always be allocated from the queue of customer requests to whomever 
is ready to take on more work. 
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Given prior research on relative performance information, we expected that our treatment—

which likely intensified the access to relative performance information already available through 

supervisor-led performance feedback—might improve performance due to even greater access to 

relative performance information (Tafkov 2013, Kuhnen and Tymula 2012). We therefore 

expected greater treatment effects for employees with stronger social comparison orientation. 

However, we found mixed and inconclusive evidence: those with weak social comparison 

orientation reduced strictly nonproductive time more while those with strong social comparison 

orientation seemed to have increased strictly productive time more, although the latter effect is 

statistically insignificant. Our main effect of access to transparent performance data therefore 

seems unlikely to be primarily driven by greater access to relative performance information.  

These results were reinforced by the qualitative evidence collected by our embedded 

participant observer, which provides additional insights into how employees and supervisors 

reacted to the intervention. Employees appreciated seeing performance data whenever they wanted. 

They spoke about not “standing out” for their nonproductive time rather than about improving 

their productive time. And those previously dissatisfied with their supervisors welcomed access to 

transparent performance data with more enthusiasm and perceived greater benefit from it.  

This paper makes several contributions. First and foremost, we contribute to the literature in 

accounting and management on performance feedback. While a vast literature on the effects of 

performance feedback has clarified the relationship between performance improvement and 

certain attributes of the feedback (such as frequency, specificity, and negative or positive framing), 

certain attributes of the recipient (such as gender and past performance), or whether and how the 

feedback is linked to incentives or targets (Eyring and Narayanan 2018, Lourenço et al. 2018, 

Thornock 2016, Hannan et al. 2008), none directly examines the effect of the current trend towards 
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eliminating the information transparency gap between employees and supervisors. To address that 

theory-practice gap, in this study, we conceptualize employees’ access to transparent performance 

data as a form of disintermediation of supervisors and find that directly providing the system-

generated performance data increased individual performance. By looking at the data sources and 

the data intermediaries separately, we see that interactions with data sources (rather than data 

intermediaries) may shift attention toward avoiding behaviors perceived to be “bad” 

(nonproductive) rather than toward behaviors perceived to be “good” (productive).  

Second, we contribute to the literature in management control on nonmonetary motivating 

mechanisms. While most of that research studies the effects of performance feedback either 

directly linked to an incentive or in a setting with high-powered incentives, the vast majority of 

employees do not have high-powered incentives (Gibbs et al. 2003, Holmstrom and Milgrom 

1991). By studying a low-powered–incentive setting, we show that information by itself can 

powerfully affect employee behaviors. While a nascent set of accounting studies has also begun to 

examine the effects of information disclosure alone on behavioral and performance changes, 

particularly in the context of relative performance feedback (Eyring and Narayanan 2018), our 

study differs in that we compare the effect of performance information with and without supervisor 

intermediation. By focusing on the role of supervisors when feedback is provided in a low-

powered–incentive environment, we are able to show that employees’ relationships with 

supervisors play a key moderating role in the effects of direct access to the same performance data 

that supervisors have—a finding that can considerably advance that literature.  

Third, we contribute to the emerging literature on the use of digital information systems to 

improve performance through better knowledge-sharing on performance-relevant tasks or 

decisions (Li and Sandino 2018). By showing that more transparent sharing of performance data 
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can have powerful behavioral effects and by showing that those behavioral effects depend on the 

“quality” of the supervisors, we provide greater insight into the question of whether technology 

and data act best as a substitute for bad supervisors or as a complement to good ones. By examining 

individual work motivation type, we also provide insights into the type of employees such digital 

information-sharing systems are most likely to help. 

This study has practical implications for the growing trend of continuously tracking detailed 

performance metrics and providing them to employees via digital means without supervisor 

intermediation. Our results suggest that organizations considering investing in information 

systems to do so should first take into account (a) behavioral tendencies—such as a focus on bad 

behaviors over good ones, (b) relational considerations—such as the quality of relationships with 

supervisors, and (c) individual work motivation types—such as intrinsic and extrinsic motivation.  

The rest of the paper is organized as follows: Section II presents our hypotheses development. 

Section III describes the research setting, method, and data. Section IV discusses the analyses and 

findings. Section V concludes.  

II. THEORY AND HYPOTHESES DEVELOPMENT 

Manager-led Performance Feedback 

Organizations have long used performance feedback—information about the effectiveness of 

an employee’s work behavior (Ashford and Cummings 1983, Taylor et al. 1984)—to provide 

knowledge of results (Ammons 1956), “cue” efforts to improve those results (Vroom 1964), and 

improve employee productivity (Alvero et al. 2001, Balcazar et al. 1985, Ilgen et al. 1979, Larson 

1989). Studies in psychology, organizational behavior, and operations demonstrate the potentially 

beneficial effects of manager-intermediated feedback on performance (e.g., Ilgen et al. 1979, 

Ivancevich and McMahon 1982, Pritchard et al. 1981). However, empirical research also 
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demonstrates that performance feedback does not always improve performance (Lourenço 2016, 

Eriksson et al. 2009); in fact, it can undermine performance for the best employees (Haas and 

Hayes 2006), for the worst employees (Podsakoff and Farh 1989), or for anyone in between 

(Ivancevich and McMahon 1982, Kluger et al. 1994). Such mixed findings led to further studies 

of how such heterogeneous effects depend on the characteristics of the feedback (Casas-Arce et al. 

2017), the incentive scheme (Hannan et al. 2008, Tafkov 2013), and the individual’s position in 

the performance distribution (Eyring and Narayanan 2018; Lourenço et al. 2018).  

Most notably, Kluger and DeNisi's (1996) review of empirical studies, accounting for 607 

effect sizes and 23,663 observations, found that while feedback interventions did improve 

performance on average, 38 percent of them decreased it. Based on this meta-analysis of empirical 

studies, Kluger and DeNisi (1996) developed the Feedback Intervention Theory (FIT). FIT 

explains that the variance between feedback’s “positive” and “negative” performance outcomes is 

based on how it focuses an employee’s locus of attention: on task-learning processes (how a task 

is done), on task-motivation processes (how much effort goes into a task), or on meta-task 

processes (how to manage evaluations of the self and their implications). Using past empirical 

studies, Kluger and DeNisi test FIT’s propositions against a long list of moderators and find that 

managerial cues directing attention to meta-task processes make feedback less effective, while 

those directing attention to task-motivation or task-learning processes make it more effective. The 

over 4,000 works that have cited FIT over the past 20+ years make a good case that it offers a 

comprehensive framework with which to evaluate empirical evidence on how performance 

feedback interventions affect performance in organizations. Specifically, comparing how 

organizations provide performance feedback to the conditions described in FIT can help to better 

predict the feedback’s likely performance effects.  
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In practice, supervisors (direct managers) have traditionally played a central, intermediating 

role in crafting feedback to meet FIT’s propositions. Supervisors typically receive more detailed 

and more timely performance information about all their supervisees than those supervisees do 

and must then decide how to aggregate, filter, and frame that data and provide periodic feedback. 

They may aggregate daily performance data to provide weekly, monthly, or quarterly feedback. 

They may filter the data to focus on what they consider most relevant to a particular employee; for 

example, filtering out factors outside the employee’s control. Supervisors can also frame the data 

to indicate “good” or “bad” performance based on certain benchmarks. In addition to this 

intermediating role,3 good supervisors can provide coaching, motivation, or action plans to help 

employees improve. It would then seem to follow that good supervisors—i.e., those who deliver 

performance feedback as FIT suggests it is most optimally delivered—would drive the best 

outcomes from performance feedback interventions. That has been the perspective of many 

organizations as they have sought better outcomes from performance feedback systems. 

Yet as traditional middlemen continue to be disintermediated in many areas by technology,4 

do supervisors now face the same risk in one of their core functions—as intermediaries in 

performance feedback processes? What would happen if the same performance data, previously 

available only to the supervisors, became transparent to employees? 

Effects of Access to Transparent Performance Data 

FIT predicts the conditions under which performance feedback can improve performance: 

Specifically, an FI [feedback intervention] provided for a familiar task, containing cues that 
support learning, attracting attention to feedback-standard discrepancies at the task level 

3 We borrow the notion that managers are intermediaries from Chandler’s (1977) seminal work on the emergence of managerialism 
in the late 19th and early 20th centuries, in which he argues that technology in the form of “increased speed and regularity of 
transportation and communication brought to an end [the] long and expensive chain of [external] middlemen” (Chandler 1977, p. 
214), which was replaced by internal middlemen who served the same “administrator” functions (Simon 1947, pp. 39, 326). 
4 Such disintermediation has been observed in financial markets (Fang et al. 2015, Morrison 2005), supply chains (Jallat and Capek 
2001, Mills and Camek 2004, Waldfogel and Reimers 2015), innovation markets (De Silva et al. 2018, Howells 2006), governance 
bodies (Ahn et al. 2011, Gellman 1996, Iansiti and Lakhani 2017), and more (for a review, see Chircu and Kauffman 1999). 
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(velocity FI and goal setting), and void of cues to the meta-task level (e.g., cues that direct 
attention to the self) is likely to yield impressive gains in performance, possibly exceeding 1 
[standard deviation]. (Kluger and DeNisi 1996, p. 278) 
 
FIT therefore suggests at least two reasons to expect better performance from employees given 

access to performance data previously available only to supervisors. First, the disintermediated 

data will be closer to the task level and will be available at a higher frequency (“velocity FI”), 

likely directing employees’ attention to task learning and task motivation. Second, having the data 

delivered directly, without supervisor intermediation, is likely to decrease “cues to the meta-task 

level”; that is, employees are less likely to feel evaluative pressure and to distract themselves by 

thinking about what the supervisor’s view of their performance means for them (rather than about 

how to improve that performance).  

On the other hand, supervisors could add other types of value to the traditional performance 

feedback process—value which might be lost in bypassing that process. Employees facing much 

more performance data may struggle to find or recognize the most relevant information or to 

realize what actions would be most appropriate. Access to information about how one’s own 

performance compares to that of others working for the same supervisor—information to which 

previously only the supervisor had access—could lead to distraction.  

       It is thus an empirical question whether access to transparent performance data will affect 

performance positively or negatively. We therefore state the following two-sided hypothesis:  

Hypothesis 1a (H1a): Providing employees with access to transparent performance data 
previously available only to supervisors will increase employee performance. 
Hypothesis 1b (H1b): Providing employees with access to transparent performance data 
previously available only to supervisors will decrease employee performance. 
 

We also recognize the possibility that a simple dichotomy of performance changes may not 

capture a sufficiently nuanced view of the effect. In testing Hypotheses 1a and 1b, we will therefore 

examine the impact of transparent performance data on both reducing strictly nonproductive 
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activities and increasing strictly productive activities. This is because transparent performance data 

might not only affect average performance, but also reallocate effort amongst different activities 

(Brewer 1995, Hannan et al. 2013). Some work activities are perceived to be strictly good or 

productive (such as revenue-generating activities), others are perceived to be strictly 

nonproductive (such as personal phone calls and coffee breaks), and still others are perceived to 

be “neutral” (necessary work activities, such as training and maintenance, that do not directly 

generate revenue but make long-term revenue generation possible). Because research has shown 

many ways in which “bad is stronger than good” (Baumeister et al. 2001, p. 323), we will 

specifically explore whether making performance across multiple categories of activity 

transparent—without supervisor intermediation—might naturally focus employee attention more 

on avoiding activities that could be considered “bad” (strictly nonproductive) than on increasing 

activities considered to be “good” (strictly productive).  

The Moderating Role of Supervisor Support 

How will employee performance shift when supervisors no longer hold information privilege 

and employees no longer exclusively rely on them for feedback? That would seem to depend on 

the existing relationship between supervisors and employees. Specifically, the degree to which 

employees perceive their supervisors as supportive (and hence trust them) would seem to affect 

how much they might respond to an intervention making them less reliant on their supervisors. 

Perceived supervisor support has been tied to in-role and extra-role performance (Eisenberger et 

al. 2002, Jokisaari and Nurmi 2009, Shanock and Eisenberger 2006) but, to our knowledge, the 

effect of that relationship on the effect of transparent performance data remains unstudied. 

On the one hand, access to the same performance data that supervisors receive can only convey 

what one’s performance is, not how to improve it (Hellervik et al. 1992, London and Smither 1995). 
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Feedback is more than just data; the supervisor can also provide guidance. The volume and 

complexity of “raw” performance data could even heighten the need for a high-quality 

intermediary who can curate, simplify, and interpret relevant information. Seifert et al. (2003) 

found that feedback without a facilitator (i.e., just a report) failed to improve performance, while 

the same feedback with a facilitator was perceived as more useful and did indeed improve 

performance. Good supervisors are often conceptualized as “coaches” (Gilley and Gilley 2007) 

who excel at the non-informational dimensions of the role, such as providing guidance and 

inspiration, that would complement transparent performance data. In that case, the larger 

performance gain from access to such data could come from those who work under higher-quality 

supervisors—those perceived to be more supportive. 

On the other hand, access to transparent performance data may be a substitute for the 

supervisor’s role in performance feedback (Hamel 2011, Tapscott and Ticoll 2003), especially for 

“bad” supervisors whom employees don’t trust. A key potential benefit of having supervisors 

intermediating the “raw” performance data is that they can apply subjective assessments that can 

correct distortions in the objective measures and take into account uncontrollable factors so as to 

make fair assessments. However, subjectivity also introduces potential biases and increases 

influencing activities (Bol 2008). Gibbs et al. (2003) find that subjective assessments work best 

when employees have strong trust in their supervisors. Without such trust, they will likely find 

supervisors’ subjectivity in performance feedback to be “harmful” and will benefit more from 

access to transparent performance data without that intermediation. In addition, finding out where 

you stand in comparison to coworkers can provide you with other role models—high-performing 

peers (Song et al. 2017)—who may be better coaches than your own supervisor (e.g., Ilgen et al. 

1981, Larson 1986). Thus, access to transparent performance data, offering actionable insights by 
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identifying peer role models and “best practices,” may make the supervisor’s input less valuable 

than it had been. This also suggests that, once given direct access, employees with less-supportive 

supervisors are likely to find all the benefits and none of the “harms” they perceived when they 

received feedback from those supervisors.  

One might therefore expect that, in the case of supervisor-intermediated performance feedback, 

better supervisors—better at supporting their employees’ work—are less likely to be replaced by 

employees’ direct access to performance data. Performance gains from access to transparent 

performance data would then come primarily from employees with supervisors perceived to be 

less supportive. We therefore hypothesize:  

Hypothesis 2 (H2): When employees are provided with transparent performance data previously 
available only to supervisors, those with previously less-supportive supervisors will improve their 
performance more than those with previously more-supportive supervisors. 
 
The Moderating Role of Work Motivation Type 

Facing transparent performance data (e.g., a digital dashboard showing daily performance 

metrics for all employees in the same work unit) could generate higher external performance 

pressure than the less-transparent feedback process. Whether that has positive or negative 

performance effects would depend on how it changes motivation. Research has shown that 

employees are motivated for different reasons (Amabile et al. 1994): some by a passionate interest 

in or deep enjoyment of what they are doing (i.e., high intrinsic motivation), others by external 

inducements such as pay or social recognition (i.e., high extrinsic motivation). Intrinsic and 

extrinsic motivation orientations are likely to have different moderating effects on performance 

when employees have access to transparent performance data. Employees who are mainly 

intrinsically motivated are less likely to be affected by external performance pressures such as 

transparent performance data, while those who are mainly extrinsically motivated may be more 
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likely to be affected. In other words, transparent performance data could act as a substitute for 

intrinsic motivation but as a complement to extrinsic motivation. We therefore hypothesize:  

Hypothesis 3 (H3): When employees are provided with transparent performance data, those with 
weaker intrinsic motivation about the work will improve their performance more than those with 
stronger intrinsic motivation. 
Hypothesis 4 (H4): When employees are provided with transparent performance data, those with 
stronger extrinsic motivation about the work will improve their performance more than those with 
weaker extrinsic motivation. 
 
The Moderating Role of Social Comparison Orientation 

Although employees may already have some access to relative performance information, 

transparent performance data is likely to make it a more prominent aspect of performance feedback. 

Festinger's (1954) seminal paper proposed that, in the absence of clear standards of correctness, 

people evaluate themselves, their opinions, and their capabilities in comparison with those of 

others (for detailed reviews of social comparison orientation theory, see Gibbons and Buunk 

(1999), Suls, Martin, and Wheeler (2002), and Wood (1989)). Knowing how one performs relative 

to others can improve performance (Tafkov 2013, Kuhnen and Tymula 2012, Azmat and Iriberri 

2010), in part due to peer pressure mechanisms.  

Although the “desire to learn about the self through comparison with others is universal,” the 

extent to which people do so has been shown to vary, using the established Iowa-Netherlands 

Comparison Orientation Measure (Gibbons and Buunk 1999, p. 199). If the main effect of our 

study’s intervention is driven by greater access to relative performance information and a desire 

to outperform peers, we expect that those more prone to social comparison will be more likely to 

improve after gaining such access. We therefore hypothesize:  

Hypothesis 5 (H5): When employees are provided with transparent performance data, those with 
stronger social comparison orientation will improve their performance more than those with 
weaker social comparison orientation. 
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III. METHODS AND DATA 
Research Setting  

The context of our study is a service operation—a natural gas distribution company (referred 

to as GasCo, a pseudonym) serving approximately 425,000 customers in the southeastern United 

States. Most of GasCo’s 1,100 employees are customer-facing, including the cadre of field-based 

professional service technicians, known as mechanics, on whom this study focuses.  

Mechanics spend their days on the road addressing customer requests to turn on or off gas, 

repair gas appliances, repair leaks, and respond to emergencies. They typically start their day by 

logging into the system on their trucks, then reviewing and accepting orders made available by 

dispatch. A mechanic maps a path to an order, arrives on site, completes the order, then drives to 

the next order or takes a break. Although the activities may appear routine, mechanics self-identify 

as and are considered to be professionals because of (a) the risk inherent in any activity involving 

gas, (b) their substantial training, and (c) the wide variability in the contexts, systems, and devices 

they are expected to safely diagnose and fix. This identity as “highly trained professionals” makes 

intrinsic motivation and social reputation relevant concerns in the presence of transparent 

performance feedback. Their activities meet our two activity-based criteria for this study: 

sufficiently specified for performance metrics to be comparable across individuals, but sufficiently 

complex to permit wide variation in results based on capability and on criteria largely within the 

individual worker’s control.  

The mechanics’ context also meets two criteria for our study. First, they interact with 

customers onsite and sometimes with other mechanics in their own work centers, but rarely with 

mechanics in other centers. Randomization of the experimental intervention at the work-center 

level was therefore unlikely to suffer from “contamination” (i.e., if the mechanics in the control 

group were to learn about the difference in treatment status through interactions with those in the 
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treatment group). Equally important, GasCo’s workforce did not face the high-powered economic 

incentives (positive or negative) that are far more prevalent in prior experiments investigating the 

effectiveness of performance feedback (Holmstrom and Milgrom 1991, Larkin et al. 2012) than 

they are in the real workplace. In fact, many, if not most, frontline jobs lack strong incentives (see 

US Bureau of Labor Statistics Employee Costs for Employee Compensation survey, summarized 

in Gittleman and Pierce, 2013, Table 1). GasCo’s employee incentive plan was relatively 

disconnected from individual performance: monetary incentives were based on companywide 

objectives and, even if the company met or exceeded those, the maximum incentive bonus payment 

for an individual employee was 2.5 percent of total compensation. Nor were there strong career-

related incentives: because the workforce was unionized, there was little concern about job loss 

based on individual performance and it was widely understood that promotions were based 

primarily on tenure. This context allowed us to observe the effect of direct access to performance 

data itself, decoupled from financial incentives or fear of career consequences.  

Not long before our study, GasCo had consolidated the customer service organizations, which 

included mechanics, of all its acquisitions. The mechanics now worked from 11 work centers, 

ranging from 2 to 42 mechanics. Because the consolidation involved integrating previously 

autonomous organizations with different histories, the performance feedback systems also needed 

to be integrated by creating a consistent set of metrics. Through a bottom-up effort (including the 

mechanics and their unions), GasCo had generated a single scorecard of metrics—collected 

automatically by technology in the mechanics’ trucks and computers—to which the mechanics 

had collectively agreed. There were three umbrella categories of mechanic-specific metrics for 

performance: percentages of productive time, support time, and nonproductive time. (These are 

defined in the “Dependent variables” subsection below.) 
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Data Collection and Measures 

Field experiment.  Four of the 11 work centers were randomly selected for the treatment 

condition, which involved being able to access—using any computer (including mechanics’ truck 

laptops) and an individual’s company account login—an intranet page with a scorecard displaying 

the performance metrics of all mechanics in the same work center. These are the same data that 

supervisors previously received (and continued to receive). The other seven work centers served 

as a control group operating at the status quo: the performance data were available to a supervisor, 

who then delivered feedback to each employee. Thirty-one mechanics were thus randomly 

assigned to the treatment group and 92 to the control group.5 The only difference between the two 

experimental conditions was whether the same performance data were transparent to all (in the 

treatment group where both supervisors and mechanics could see the data) or only available to 

supervisors (in the control group where mechanics only had access to performance information via 

supervisor intermediation). 

This intervention was set up and implemented as a natural field experiment which allowed us 

to draw causal inferences (due to the random selection of the treatment work centers) and to 

examine the effects of access to transparent performance data in a natural context (Bandiera et al. 

2011, Floyd and List 2016). Because our study was a natural field experiment, subjects were 

unaware that they were participating in a study, allowing us to avoid self-selection and discard 

alternative explanations such as the “Hawthorne effect.” 

-------------------- Insert Figure 1 About Here -------------------- 

-------------------- Insert Figure 2 About Here -------------------- 

5 The imbalance between the number of employees allocated to the treatment and control groups was due to our agreement with 
the company and the unions that our intervention would only directly affect a certain number of employees. Union leaders and 
company managers did not inform employees that some work centers implemented this “pilot program” (the intervention).  
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Figure 1 shows the randomization outcome, treatment conditions, and timeline of the 

intervention. Figure 2 shows a sample screenshot of the daily scorecard information visible to a 

mechanic in the treatment group (with names disguised)—the same performance data that 

supervisors alone had previously received. Mechanics in the treatment group received an email 

every morning with a link to the scorecard information. To ensure the quality of the intervention—

that is, to be sure mechanics were actually accessing the performance data—we tracked how often 

the intranet webpages were accessed, although, due to both technological and human subject 

limitations, we could not identify who had made a particular visit to the scorecard. The 

experimental intervention (“pilot”) ran from June 25 to August 29.  We retrieved daily 

performance data from GasCo’s archive for June 1 of the prior year through August 29, the final 

day of our field experiment; that is, 389 days before the intervention and 65 days during it. We 

selected a 12-month pre-intervention period to take into account the full cycle of seasonal effects.  

To gather moderating and control variables, we sent a survey by email on June 19 (six days 

before the intervention). Mechanics could access it from any computer. We made clear that the 

survey was conducted by the researchers, not GasCo, and that no responses would be seen by 

anyone in the company. The email contained a link to an external Qualtrics survey website. We 

sent the survey to all mechanics and had a 51-percent response rate, which management reported 

was typical for this population. Comparing human-resources data on our control variables (tenure, 

age, and race) for responding and nonresponding mechanics revealed no bias in the type of 

individual who responded. Table 1 shows the definitions and descriptive statistics for our key 

variables and Table 2 tabulates the unconditional correlations between them.  

-------------------- Insert Table 1 and Table 2 About Here -------------------- 
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Dependent variables. To measure performance, GasCo used three standardized metrics for 

efficient allocation of time, for which a mechanic had sole accountability: % Productive Time, % 

Support Time, and % Nonproductive Time, which collectively represent the entire workday. Each 

category was clearly and stringently defined and tracked (see Figure 2).  

Productive time was time spent either en route to a customer job or onsite conducting the work. 

It was heavily constrained by the system’s data, logic, and machine-learning algorithms. For 

example, en route time was constrained based on real-time traffic data, while onsite time was 

constrained based on calculated times for the work. That is, a trip from here to there counted as 20 

minutes of productive time if that’s how long the traffic data indicated such a trip should take—

even if it actually took more than 20 minutes.6 Support time—maintenance (such as vehicle or 

building maintenance), training (such as safety briefings), preparation (such as picking up 

materials and loading or unloading a truck), and colleague support (such as meetings or peer 

training)—was similarly constrained. While mechanics generally understood how these metrics 

were calculated, they did not understand the algorithm enough to know the exact time an activity 

“should” take in a particular situation. Neither did they directly tag their time to one category or 

another in the system; their daily work time was automatically tracked and coded for one of those 

three categories. To further prevent abuse or gaming, time allocation and activity records were 

audited. Indeed, one reason GasCo thought greater transparency in disclosing performance data 

might be beneficial for the company was that it might reduce the possibility for abuse by increasing 

the number of eyeballs on the data. 

GasCo designed these metrics to help mechanics allocate more time to productive activities. Our 

decision to use these measures of time allocation as measures of performance was therefore 

6 If the trip took less than 20 minutes, then the actual number of minutes spent on the trip would be counted as productive time. 
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primarily driven by GasCo’s own focus, which therefore deserves elaboration here. GasCo’s focus 

on time allocation reflects the increasing importance for distributed workforces (such as GasCo’s 

mechanics) of making wise use of their time. But we also found support for time allocation as a 

performance measure in several influential literatures, including operations management 

literatures on scheduling (Pinedo 2012) in factories (Berman et al. 1997), healthcare (Kc and 

Terwiesch 2009), trucking (Roberti et al. 2014), and financial services (Staats and Gino 2012). 

Although terminology varies across industries, past research has—just as GasCo did—grouped 

employee activities into three categories (e.g., Malos and Campion 2000) generically termed 

billable, support, and nonbillable (at GasCo: productive, support, and nonproductive, 

respectively).7 That is, some activities directly generate revenue, some are work-related but do not 

directly generate revenue, while others are not work-related at all.  

All three GasCo performance metrics—% Productive Time, % Support Time, and % 

Nonproductive Time—were in use long before our study, as was the automated system which 

tracked them; the study was solely focused on the effect of making the resulting performance data 

transparent to mechanics. In our empirical analysis, % Nonproductive Time and % Productive 

Time are the dependent variables. Because a workday is allocated entirely between the three 

categories, showing changes in two is sufficient to fully reflect any change in how mechanics 

allocate time. Throughout the period of our study, there was enough demand for both productive 

and support activities to keep all mechanics busy 100 percent of the time with either, leaving them 

with the option to improve any of their metrics and flexibility in how to do so. From Table 1, we 

see that throughout the data analysis period, the average % Nonproductive Time is 30.7 percent 

7 While GasCo management viewed “productive” and “nonproductive” time as equivalent to “billable” and “nonbillable” time, 
prior discussions with the union had resulted in the terms “productive” and “nonproductive” because the end-customer was not 
directly billed for time.  
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while the average % Productive Time is 59.1 percent. Standard deviation values suggest 

considerable variation in these dependent variables.  

Moderating and control variables. In order to measure perceived supervisor support and other 

moderating variables, we administered a pre-experimental survey (Appendix 1) to all the 

mechanics in our sample. Consistent with Eisenberger et al. (2002) and Shanock and Eisenberger 

(2006), we used the six-item instrument to measure perceived supervisor support (Q22–Q27 in 

Appendix 1). Our measure for perceived supervisor support, consistent with its design and 

previous use, is the sum of the scores from each relevant survey question, adjusted for reverse-

coding. Cronbach’s alpha for these survey questions is 0.9254.  

The Work Preference Inventory (WPI), a well-established instrument for measuring 

motivation at work, has frequently been used to measure employees’ intrinsic and extrinsic 

motivation orientation (Amabile, Hill, Hennessey, and Tighe 1994, Robinson et al. 2014). We used 

it in our pre-intervention survey. Our measure for intrinsic motivation is the sum of the scores from 

the five survey questions related to it (Q6–Q10 in Appendix 1), while the measure for extrinsic 

motivation is the sum of the scores from the five questions related to it (Q1–Q5 in Appendix 1), 

adjusted for reverse-coding. Cronbach’s alpha is 0.7723 for the questions related to intrinsic 

motivation and 0.6352 for those related to extrinsic motivation.  

We also asked the mechanics to complete the established scale of social comparison orientation, 

the Iowa-Netherlands Comparison Orientation Measure (Buunk and Gibbons 2007, Gibbons and 

Buunk 1999). Our measure for Social Comparison Orientation, consistent with its design and 

previous use, is the sum of the scores from each relevant survey question (Q11–Q21 in Appendix 

1), adjusted for reverse-coding. Cronbach’s alpha for these questions is 0.8824.  

We control for past performance in all regressions, since people with different “starting points” 
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in performance are likely to respond differently to any intervention designed to improve it. For 

example, feedback can motivate poorer performers while having little influence on better ones 

(Pritchard et al. 1981). Because some past-performance effects could be triggered either by actual 

past performance or by self-assessed past performance (Northcraft and Ashford 1990), we 

incorporate both as controls.8 Our measure of a mechanic’s actual past performance comes from 

archival data (averaged over the pre-intervention period) on % Nonproductive Time and % 

Productive Time. Our measure of self-assessed past performance comes from a survey question 

(Q28 in Appendix 1). We standardized the responses on a scale of 0 to 100. By pairing a 

mechanic’s response with actual pre-intervention performance, we could control for past 

performance, both actual and perceived (self-assessed) (Meyer 1995).  

We also incorporate demographic control variables—including tenure, age, and race—based 

on GasCo’s internal records. On average, the mechanics had worked at the company for over 18.5 

years and were 47.2 years old. About 55 percent were white.  

From Table 2, we see that performance is negatively correlated with tenure and age (suggesting 

a decrease in productive efforts with the increase of seniority) and positively correlated with 

perceived supervisor support and self-evaluation. The moderating variables are moderately 

correlated. We control for all these variables or individual fixed effects in our regressions. While 

we do not explicitly control for work quality, GasCo did constantly monitor customer ratings and 

the degree to which a customer’s issues were addressed on the first visit. Neither of these customer 

metrics varied significantly during the period of our study. 

Participant observation.  To gather qualitative evidence and understand how mechanics and 

8 Performance misjudgment—overconfidence or underconfidence in one’s self-assessment of relative performance—is known as 
the Dunning-Kruger effect (Dunning 2011, Kruger and Dunning 1999). Research has found high-performers underestimating their 
performance and low-performers overestimating theirs (Burson et al. 2006, Ehrlinger et al. 2008, Schlӧsser et al. 2013). 
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supervisors felt about the intervention, we arranged for one research assistant to be embedded into 

the workforce for the second week of the experiment. He was selected for his ability to fit in with 

recruits for the mechanic role at GasCo, but was trained to collect field notes (Emerson et al. 1995) 

and in the fundamentals of participant-observation research. For a week, he rode, worked, ate, and 

hung out with other mechanics as a typical apprentice, rotating amongst work centers. His note-

taking was not seen as unusual, but rather as typical for an apprentice. Because mechanics spend 

so much time driving, there is a lot of time for casual conversation; the newly disclosed transparent 

performance data was a natural and frequent topic. This qualitative evidence adds significant 

texture to the quantitative results of the field experiment and the survey. In particular, it provides 

insight into why employees’ performance changed as revealed by the quantitative analyses.  

Main Regression Model 

We visualize the impact of the intervention in Figure 3. Up to the intervention, the weekly 

moving average lines showed approximately parallel trends between treatment and control groups 

for the three performance variables. To formally analyze the field experiment data, we used a 

difference-in-differences model (Meyer 1995) to estimate the effect of an intervention on treatment 

units relative to control units during the same period. Our model is:  

Yit = α + (β1 × Treatmentit) + (β2 x Postit) + (β3 x (Treatmentit × Postit)) + ∑𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶𝐶 + εit 

Or  

Yit = α + (β2 x Postit) + (β3 x (Treatmentit × Postit)) + 𝐼𝐼𝐶𝐶𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐼𝐶𝐶 𝐹𝐹𝐼𝐼𝐹𝐹𝐹𝐹𝐼𝐼 𝐸𝐸𝐸𝐸𝐸𝐸𝐹𝐹𝐸𝐸𝐶𝐶𝐶𝐶 + εit, 

where Yit is the performance metric at the employee(i)-workday(t) level, Treatmentit is an indicator 

variable that equals 1 if the employee worked in one of the work centers in the treatment group 

and Postit is an indicator variable that equals 1 if the date was on or after June 25, when the 

intervention began. The main estimation uses ordinary least squares (OLS) regressions. Consistent 
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with Bertrand et al. (2004), standard errors of the coefficients are corrected for autocorrelation and 

clustered by work center. If the treatment effect is positive, we should see a negative and significant 

β3 when Yit is the negative productivity indicator, % Nonproductive Time, and a positive and 

significant β3 when Yit is the positive productivity indicator, % Productive Time. In testing our 

Hypothesis 1 (the average treatment effect), we ran two specifications: one including as Controls 

all the available employee-level control measures (Tenure, Age, Supervisor Support, etc.), the 

other including individual fixed effects (absorbing the treatment indicator and all our control 

measures and controlling for unobservable time-invariant individual characteristics). In 

subsequent analyses, we use only the stricter specification (individual fixed effects). 

IV. RESULTS 

H1a and H1b: Does Access to Transparent Performance Data Improve Performance?  

-------------------- Insert Table 3 and Figure 3 About Here -------------------- 

Table 3 shows the main regression results with and without individual fixed effects. Columns 

1 and 3 use % Nonproductive Time as the dependent variable, while Columns 2 and 4 use % 

Productive Time. The coefficient on Treat x Post is the estimated treatment effect of the 

intervention on the performance metric. The negative and statistically significant coefficients on 

this interaction term in Columns 1 and 3 indicate a negative treatment effect on % Nonproductive 

Time; that is, mechanics in the treatment group spent less nonproductive time after the intervention 

than those in the control group did. Compared with the pre-intervention mean value, the results in 

Column 3 indicate an 11-percent decrease in % Nonproductive Time, suggesting that access to 

transparent performance data previously available only to supervisors improved performance 

(H1a). As one employee told the participant-observer, “Of course this is better. I get to see the data 

now, not when [supervisor] feels like it. I get all of it, not just what [supervisor] remembers. I get 
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the numbers, not just [supervisor]’s words.” Appendix 2 provides additional qualitative evidence 

about how mechanics and supervisors reacted to the intervention. 

Columns 2 and 4 of Table 3, however, present an important caveat to the results for H1a. The 

effect of the intervention on % Productive Time was positive (a 4.5-percent increase in Column 4 

based on the pre-intervention mean value), but not statistically significant after we clustered the 

standard errors by work group. Comparing Columns 1 and 3 with 2 and 4, the treatment effect on 

nonproductive time is greater than that on productive time, in both magnitude and statistical 

significance; mechanics focused on reducing nonproductive time, not on increasing productive 

time. Figure 3 shows that after the intervention, the treatment group showed a significant decrease 

in nonproductive time relative to the control group, larger than the relative increase in productive 

time. This suggests that access to transparent performance data triggers a greater behavioral shift 

towards reducing strictly nonproductive behaviors than toward increasing strictly productive 

behaviors. As perceived by the mechanics and captured by the participant-observer, it made the 

mechanics more determined not to stand out for “bad” or nonproductive activities, but not more 

determined to stand out for “good” or productive activities. In their own words, the goal was to 

“hide in the middle of the pack” and to “conform, not excel.” As one explained, “No one hears 

anything about being middle of the good [productive] time… but if your bad [nonproductive] time 

is high, I think people notice… Hell, I notice when others are high…. When it was just [supervisor 

name], it was different—he got me, he knows what it’s like, that the good is more important than 

the bad—but the numbers don’t, so just be sure the bad doesn’t stand out.” Appendix 2 provides 

additional qualitative evidence behind this result. Other research has shown that motivation to 

conform and comply differs from motivation to excel (Cialdini and Trost 1998) and, in our study, 
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the substitution of transparent performance data for supervisor-intermediated traditional 

performance feedback seemed to favor the former. 

To ensure the quality of our intervention—that is, to be sure that access to transparent 

performance data and not something unrelated is driving the results—we obtained the number of 

views of the scorecards for each treatment site. Across the four sites, the average employee 

accessed the daily report at least once every three days; some far more frequently. Sites whose 

mechanics accessed the report most often had the greatest productivity boost, indicating that it 

was, indeed, transparent performance data that drove the effects.  

H2: The Moderating Role of Supervisor Support 

To test H2, we ran the baseline regressions, splitting the sample (Baron and Kenny 1986, 

Jaccard and Turrisi 2003) into those who reported perceived supervisor support that was (a) greater 

than or equal to the sample median or (b) below the median, following the precedent set by prior 

studies of perceived supervisor support; these groups are labelled “High Supervisor Support” and 

“Low Supervisor Support” in Table 4. This analysis examines whether it was mechanics who saw 

their supervisors as supportive or those who saw them as unsupportive who showed more 

performance improvement once given access to transparent performance data.  

We find treatment effects of greater magnitude and statistical significance for both % 

Nonproductive Time and % Productive Time for those who perceived low supervisor support, 

consistent with H2 and suggesting that access to transparent performance data (previously 

available only to supervisors) could serve as a substitute for “bad” supervisors. Compared with the 

pre-intervention mean values, we see a 16.27-percent decrease in % Nonproductive Time and a 

16.07-percent increase in % Productive Time for the low-supervisor-support subsample. 

Calculating the z-statistics that compare the coefficients on Treat x Post between Columns 3 and 
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4 (Stock and Watson 2003), the difference in treatment effects for % Productive Time between the 

high- and low-supervisor-support subsamples is statistically significant at the five-percent level. 

Our participant-observer heard one mechanic say that he liked the fact that “low-performers can 

approach high-performers”—knowing now who they were—to learn how to improve if they 

“didn’t have a good supervisor.” Employees with less supervisor support improved more “because 

mechanics can support each other directly,” whereas, for those employees, discussions with their 

supervisors had been just “check-the-box exercises” and “a total waste of time.”  Appendix 2 

provides additional qualitative evidence about how mechanics and supervisors reacted to the 

intervention. Getting past these bad intermediaries is like removing a blood clot—information 

flows more freely, communication cost is lower, and employees get the signals they need to 

improve. Our participant-observer heard some employees refer to supervisors who “everyone 

knows played favorites.” In contrast, transparent performance data were described as “just about 

the work” and a “reality check that I can trust.” While supervisors overall received strong ratings, 

mechanics who worked for the less-supportive ones benefited more when those supervisors were 

disintermediated with transparent performance data, which acted as a surrogate for the supervisors. 

-------------------- Insert Table 4 About Here -------------------- 

H3 and H4: The Moderating Role of Work Motivation Type 

To test H3, we ran the baseline regressions, splitting the sample into those who reported intrinsic 

motivation that was (a) greater than or equal to the sample median or (b) below the median; these 

groups are labelled “High Intrinsic Motivation” and “Low Intrinsic Motivation” in Table 5. This 

analysis examines whether mechanics with lower intrinsic motivation for work showed more 

performance improvement once given access to transparent performance data.  
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We find treatment effects of greater magnitude and statistical significance for both % 

Nonproductive Time and % Productive Time for those who had low intrinsic motivation, consistent 

with H3 and suggesting that access to transparent performance data (previously available only to 

supervisors) could serve as a substitute for intrinsic motivation. Compared with the pre-

intervention mean values, we see a 21.28-percent decrease in % Nonproductive Time and a 13.85-

percent increase in % Productive Time for the low-intrinsic-motivation subsample. Calculating the 

z-statistics that compare the coefficients on Treat x Post between Columns 1 and 2 (Stock and 

Watson 2003), the difference in treatment effects for % Nonproductive Time between the high- 

and low-intrinsic-motivation subsamples is statistically significant at the one-percent level. The 

difference in treatment effects for % Productive Time between these two subsamples is statistically 

significant at the five-percent level.  

-------------------- Insert Table 5 About Here -------------------- 

To test H4, we ran the baseline regressions, splitting the sample into those who reported extrinsic 

motivation that was (a) greater than or equal to the sample median or (b) below the median; these 

groups are labelled “High Extrinsic Motivation” and “Low Extrinsic Motivation” in Table 6. This 

analysis examines whether mechanics with higher extrinsic work motivation showed more 

performance improvement once given access to transparent performance data.  

We find treatment effects of greater magnitude for both % Nonproductive Time and % 

Productive Time for those who had high extrinsic motivation, consistent with H4 and suggesting 

that access to transparent performance data could serve as a complement for extrinsic motivation. 

Compared with the pre-intervention mean values, we see a 15.20-percent decrease in % 

Nonproductive Time and a 13.32-percent increase in % Productive Time for the high-extrinsic-

motivation subsample. Calculating the z-statistics that compare the coefficients on Treat x Post 

27



between Columns 3 and 4 (Stock and Watson 2003), the difference in treatment effects for % 

Productive Time between the high- and low-extrinsic-motivation subsamples is statistically 

significant at the one-percent level. However, the difference in treatment effects for % 

Nonproductive Time between these two subsamples is statistically insignificant.  

-------------------- Insert Table 6 About Here -------------------- 

H5: The Moderating Role of Social Comparison Orientation 

To test H5, we ran the baseline regressions, splitting the sample into those who reported social 

comparison orientation that was (a) greater than or equal to the sample median or (b) below the 

median; these groups are labelled “High Social Comparison” and “Low Social Comparison” in 

Table 7. This analysis examines whether mechanics who have higher social comparison orientation 

(and hence are more influenced by relative performance information) showed more performance 

improvement once given access to transparent performance data.  

The treatment effect on % Nonproductive Time is larger in magnitude for the subsample with 

low social comparison orientation, inconsistent with H4. The treatment effect on % Productive 

Time is larger in magnitude for the high-social-comparison-orientation subsample, but the 

difference in treatment effects is statistically insignificant. We therefore cannot assign social 

comparison orientation a significant moderating role in the effect of transparent performance data 

on performance. In fact, Columns 1 and 2 suggest that those with low social comparison orientation 

benefited more from the intervention, as they reduced more nonproductive time.  

There are several possible explanations for these mixed and inconclusive results related to H5. 

In real work environments (as opposed to a laboratory setting), it’s quite possible for employees 

to have a sense of how they compare with each other—from their supervisors’ comments and just 

from observing each other—without any mention of it in formal feedback. To the extent that a 
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person with a greater social comparison orientation would more frequently seek out such informal 

information already, the effect of providing it formally could be smaller. Another possibility is that 

heightened social comparison could lead to negative psychological consequences such as 

diminished trust in coworkers (Dunn, Ruedy, and Schweitzer 2012), discouragement (Beshears, 

Choi, Laibson, Madrian, and Milkman 2015), and unproductive behaviors. In any case, the results 

in Table 7 suggest that the main effect of our intervention is unlikely to be mainly driven by greater 

access to relative performance information.  

-------------------- Insert Table 7 About Here -------------------- 

Robustness Checks 

We ran robustness checks to address four characteristics of our field experiment. First, the gas 

utility business is seasonal, which can be seen, in part, in the significant coefficient on our time 

variable, Post, in some regressions. In part to account for seasonality, we requested a much longer 

time series of pre-intervention performance data and re-ran the regressions using month fixed 

effects. The results were similar. Second, because our dependent variables, % Nonproductive Time 

and % Productive Time, are correlated, the error terms in the two regressions are correlated. 

Correlated dependent variables do not cause bias in the estimation of coefficients, but running 

them as separate regressions could reduce efficiency (Kennedy 2003). Therefore, we also used 

Seemingly Unrelated Regression Estimation (SURE) to estimate our main regressions; results did 

not change. Third, our dependent variables have bounded values. We ran Tobit regressions, setting 

the lower and upper bounds at 0 and 100, and saw similar results. For simpler interpretation, we 

report OLS with standard errors clustered by work location. Fourth, a mechanic’s daily 

performance data are correlated with past performance. In our reported analysis, we controlled for 

pre-intervention performance (actual and self-assessed) and clustered standard errors by work 
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location (to account for the correlation between all mechanics’ performance data over time within 

the same work location, as employees in the same location receive the same treatment condition 

and may influence each other’s performance). As a robustness check, we instead ran the 

regressions clustering standard errors by individual and also without the self-assessed performance 

variable. In both cases, results were similar. 

V. CONCLUSION 

Our goal in this study was to examine how access to transparent performance data that had 

been available only to supervisors affects employee performance. In a field experiment in a large 

U.S. service organization, our findings support that, on average, providing access to transparent 

performance data does increase employee performance. Yet there were two important nuances:  

First, access to such data did not encourage an increase in the “best” (strictly productive) behaviors 

as much as it encouraged avoidance of the “worst” (strictly unproductive). Second, the access 

produced performance improvements primarily for certain employee subsamples: those who 

perceived their supervisors as less-supportive, those with low intrinsic motivation, and those with 

high extrinsic motivation.  

We identify the causal relationship between employee performance and access to transparent 

performance data using a field experiment. However, as with any field experiment of this 

complexity, identifying causal relationships comes at a cost. The single US setting, single-period 

intervention, single-profession subject pool, and relatively independent work all limit the 

generalizability of our findings. Future field research can extend our study by exploring how these 

findings—and particularly the relevant moderators—might change in other cultures, in other 

professions, and with more interdependent work. In addition, we did not investigate certain other 

moderators that might make the intervention more successful, such as how supervisors are trained 
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to give feedback in the new system and ways to help the traditional and new systems work well 

together. Future research can examine these “value-adding” roles supervisors play in the feedback 

process and how they can continue to provide value even when technology equalizes access to 

performance data.  

Harkening back to the time-use studies of scientific management, our main result prompts us 

to wonder if this new wrinkle—giving workers themselves access to the data rather than asking 

supervisors to aggregate, filter, and frame it first—helps as much as the organizations adopting the 

approach expect. Especially during the COVID-19 pandemic, when a fast transition to widespread 

remote work has prompted many organizations to scramble for ways to supervise and manage 

using transparent performance data rather than face-to-face interactions, our results provide some 

reason to pause and question how a transition to transparent performance data might be affecting 

differently situated employees differently. Our field experiment shows that the performance 

benefits for an employee depend on how supportive his or her supervisor already is, on his or her 

work motivation type, and on whether the performance data gives transparency to measures of 

productive (billable), support or nonproductive (non-billable) activities. There is power in access 

to more transparent performance data without supervisor intermediation, but neither scholars nor 

practitioners should expect the resulting performance benefits to be evenly conferred.  
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Figure 1 Randomization and Timeline 

 

 

 
S: Supervisors; M: Mechanics
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Figure 2 
Sample Screenshot of the Mechanic’s View of the Daily Scorecard Information  

and Time/Activity Categorization 
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Figure 3 
Visualization of Treatment Effects 
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Table 1 
Dependent and Independent Variables 

 
Notes: n=11,120.  

 

Variable Definition Mean SD Median 

% Nonproductive Time A mechanic's nonproductive hours as a percentage of the total available working hours. 30.696 23.406 23.471 
% Productive Time A mechanic's productive hours as a percentage of the total available working hours. 59.125 24.360 66.112 
Tenure Number of years the mechanic had worked in the company at the start of the intervention. 18.521 8.281 19.000 
Age The mechanic’s age (in years) at the beginning of the intervention. 47.206 8.183 50.000 
White =1 if the mechanic’s ethnic group is white. 0.552 0.497 1.000 
Supervisor Support Sum of the scores for questions on supervisor support (Q22–Q27 in Appendix 1).  24.164 4.007 24.000 
Social Comparison 
Orientation  

Sum of the scores for questions on social comparison orientation (Q11–Q21 in Appendix 
1). 35.193 7.653 37.000 

Intrinsic Motivation Sum of the scores for questions on intrinsic motivation (Q6–Q10 in Appendix 1). 16.527 2.362 16.000 
Extrinsic Motivation Sum of the scores for questions on extrinsic motivation (Q1–Q5 in Appendix 1). 14.809 2.381 15.000 
Prior Performance 
Nonproductive The average % Nonproductive Time in the pre-intervention period. 30.643 12.555 28.642 
Prior Performance Productive The average % Productive Time in the pre-intervention period. 59.554 12.392 62.942 
Self-evaluation The self-reported percentile of the pre-intervention performance on % Productive Time 

(Q28 in the Appendix 1). 67.331 31.705 81.890 
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Table 2 
Correlations 

 
Variable 1 2 3 4 5 6 7 8 9 10 11 12 

1. % Nonproductive Time 1.000            
2. % Productive Time -0.771 1.000           
3. Tenure -0.003 -0.042 1.000          
4. Age 0.040 -0.029 0.706 1.000         
5. White 0.074 -0.138 0.031 -0.297 1.000        
6. Supervisor Support -0.052 0.035 -0.187 -0.222 0.113 1.000       
7. Social Comparison Orientation 0.026 0.029 -0.180 -0.049 -0.059 0.482 1.000      
8. Intrinsic Motivation -0.003 -0.072 0.037 -0.124 -0.055 0.410 0.305 1.000     
9. Extrinsic Motivation 0.024 -0.036 -0.113 -0.067 -0.139 0.401 0.580 0.593 1.000    
10. Prior Performance Nonproductive  0.537 -0.447 0.008 0.102 0.133 -0.102 0.069 0.003 0.041 1.000   
11. Prior Performance Productive  -0.477 0.508 -0.079 -0.070 -0.256 0.094 0.042 -0.141 -0.065 -0.890 1.000  
12. Self-evaluation -0.117 0.054 -0.191 -0.088 -0.160 0.104 0.022 0.165 0.099 -0.204 0.115 1.000 
 
n = 11,120; all correlations in bold are significant at p < .01. 
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Table 3 
H1: Does Access to Transparent Performance Data Improve Performance? 

 
 (1) % Non-

productive  
Time  

(2) %  
Productive  

Time 

 (3) % Non- 
productive 

Time 

(4) %  
Productive  

Time 
Treat x Post -3.410** 2.846  -3.397** 2.697 
 (1.148) (3.336)  (1.103) (3.349) 
Treat 0.299 -0.081    
 (0.237) (0.226)    
Post 1.254 -3.528**  1.349 -3.589*** 
 (1.041) (0.654)  (1.058) (0.718) 
Tenure 0.023 -0.048**    
 (0.018) (0.020)    
Age -0.061** 0.037    
 (0.022) (0.026)    
White -0.326 -0.071    
 (0.376) (0.408)    
Supervisor 
Support 

0.076 -0.148    
(0.080) (0.079)    

Social 
Comparison 

-0.072* 0.070**    
(0.036) (0.023)    

Intrinsic 
Motivation 

-0.165** 0.152*    
(0.074) (0.072)    

Extrinsic 
Motivation 

0.182* -0.135    
(0.084) (0.080)    

Prior 
Performance 
(Productive) 

 0.999*** 
(0.010) 

   

Prior 
Performance 
(Nonproductive) 

1.005*** 
(0.006) 

    

Self-evaluation -0.007* -0.004    
 (0.003) (0.004)    
Individual fixed     
    effects? 

No No  Yes Yes 

Observations 11,120 11,120  11,120 11,120 
Adj. rsq. 0.29 0.26  0.29 0.26 

 
*p < .10, **p < .05, ***p < .01. This table reports OLS regression results of % Nonproductive Time (Columns 1 and 3) 
and % Productive Time (Columns 2 and 4) on a treatment indicator (Treat), a post-intervention indicator (Post), an 
interaction of the two variables (Treat x Post), and other controls. In Columns 3 and 4, Treat is absorbed by individual 
fixed effects and is not reported. All variables are defined in Table 1. Standard errors are clustered at the work-center 
level and reported in parentheses. 
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Table 4 
H2: Moderating Role of Supervisor Support 

 

 
 

*p < .10, **p < .05, ***p < .01. This table reports OLS regression results of % Nonproductive Time (Columns 
1–2) and % Productive Time (Columns 3–4) on a post-intervention indicator (Post), an interaction of the two 
variables (Treat x Post), and individual fixed effects. “High (Low) Supervisor Support” is the subsample of 
mechanics who reported a high (low) level of perceived supervisor support—above or equal to (below) the 
sample median—in the pre-experimental survey. All variables are defined in Table 1. Standard errors are 
clustered at the work-center level and reported in parentheses. 

Comparing the coefficients on Treat x Post between Columns 1 and 2 (Columns 3 and 4) yields a z-statistic of -
1.34 (2.01). 

 (1) % Non-
productive Time 
High Supervisor 

Support 

 (2) % Non-
productive Time 
Low Supervisor 

Support 

 (3) % Productive 
Time High 
Supervisor 

Support 

(4) % Productive 
Time Low 
Supervisor 

Support 
Treat x Post -2.258  -5.298**  0.790 9.377*** 
 (1.337)  (1.825)  (4.052) (1.386) 
Post -0.278  3.004**  -3.537** -3.670** 
 (1.278)  (1.177)  (1.453) (0.892) 
Individual fixed     
    effects? 

Yes  Yes  Yes Yes 

Observations 7,159  3,961  7,159 3,961 
Adj. rsq. 0.24  0.36  0.24 0.31 

z=-1.34 z=2.01** 
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Table 5 
H3: Moderating Role of Intrinsic Motivation 

 

 
 

*p < .10, **p < .05, ***p < .01. This table reports OLS regression results of % Nonproductive Time (Columns 
1–2) and % Productive Time (Columns 3–4) on a post-intervention indicator (Post), an interaction of the two 
variables (Treat x Post), and individual fixed effects. “High (Low) Intrinsic Motivation” is the subsample of 
mechanics who reported a high (low) level of intrinsic motivation—above or equal to (below) the sample 
median—in the pre-experimental survey. All variables are defined in Table 1. Standard errors are clustered at 
the work-center level and reported in parentheses.  

Comparing the coefficients on Treat x Post between Columns 1 and 2 (Columns 3 and 4) yields a z-statistic of -
3.13 (2.14).  

 (1) % Non-
productive Time 

High Intrinsic 
Motivation 

 (2) % Non-
productive Time 

Low Intrinsic 
Motivation 

 (3) % Productive 
Time High 
Intrinsic 

Motivation 

(4) % Productive 
Time Low 
Intrinsic 

Motivation 
Treat x Post -0.649  -6.711**  -2.003 8.303*** 
 (1.694)  (0.939)  (4.318) (2.116) 
Post 0.624  2.258*  -3.287** -3.968** 
 (1.401)  (1.055)  (1.068) (0.957) 
Individual fixed     
    effects? 

Yes  Yes  Yes Yes 

Observations 6,050  5,070  6,050 5,070 
Adj. rsq. 0.25  0.34  0.29 0.29 

z=-3.13*** z=2.14** 
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Table 6 
H4 - Moderating Role of Extrinsic Motivation 

 

 
 

*p < .10, **p < .05, ***p < .01. This table reports OLS regression results of % Nonproductive Time (Columns 
1–2) and % Productive Time (Columns 3–4) on a post-intervention indicator (Post), an interaction of the two 
variables (Treat x Post), and individual fixed effects. “High (Low) Extrinsic Motivation” is the subsample of 
mechanics who reported a high (low) level of extrinsic motivation—above or equal to (below) the sample 
median—in the pre-experimental survey. All variables are defined in Table 1. Standard errors are clustered at 
the work-center level and reported in parentheses.  

Comparing the coefficients on Treat x Post between Columns 1 and 2 (Columns 3 and 4) yields a z-statistic of -
1.01 (1.75). 

 (1) % Non-
productive Time 
High Extrinsic 

Motivation 

 (2) % Non-
productive Time 

Low Extrinsic 
Motivation 

 (3) % 
Productive Time 
High Extrinsic 

Motivation 

(4) % 
Productive 
Time Low 
Extrinsic 

Motivation 
Treat x Post -4.579**  -2.858**  7.875*** -0.754 
 (1.441)  (0.899)  (1.218) (4.779) 
Post 1.134  1.682*  -3.822** -3.227 
 (1.541)  (0.795)  (0.934) (0.845) 
Individual fixed     
    effects? 

Yes  Yes  Yes Yes 

Observations 6,054  5,066  6,054 5,066 
Adj. rsq. 0.25  0.34  0.26 0.36 

z=-1.01 z=1.75* 
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Table 7 
H5: Moderating Role of Social Comparison Orientation 

 
 (1) % Non-

productive Time 
High Social 
Comparison 

 (2) % Non-            
productive Time 

Low Social 
Comparison 

 (3) % 
Productive Time 

High Social 
Comparison 

(4) % 
Productive 
Time Low 

Social 
Comparison 

Treat x Post -2.549  -5.526**  4.829 2.506 
 (1.875)  (1.369)  (3.371) (5.203) 
Post -0.302  3.970**  -2.446** -5.403** 
 (1.252)  (1.371)  (1.043) (1.827) 
Individual fixed     
    effects? 

Yes  Yes  Yes Yes 

Observations 5,909  5,211  5,909 5,211 
Adj. rsq. 0.29  0.29  0.26 0.26 

 

*p < .10, **p < .05, ***p < .01. This table reports OLS regression results of % Nonproductive Time (Columns 
1–2) and % Productive Time (Columns 3–4) on a post-intervention indicator (Post), an interaction of the two 
variables (Treat x Post), and individual fixed effects. “High (Low) Social Comparison” is the subsample of 
mechanics who reported a high (low) level of social comparison orientation—above or equal to (below) the 
sample median—in the pre-experimental survey. All variables are defined in Table 1. Standard errors are 
clustered at the work-center level and reported in parentheses.  

Comparing the coefficients on Treat x Post between Columns 1 and 2 (Columns 3 and 4) yields a z-statistic of -
1.28 (0.37).  

z=-1.28 z=0.37 
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Appendix 1: Pre-experimental Survey of Mechanics 

On a scale of 1-4 (1=never or almost never true of me, 4=always or almost always true of me), please indicate the 
extent to which each item describes you. 

 Never Always  

Q1. I am strongly motivated by the recognition I can earn from other people 1 2 3 4  
Q2. I want other people to find out how good I really can be at my work 1 2 3 4  
Q3. To me, success means doing better than other people 1 2 3 4  
Q4. I am keenly aware of the promotion goals I have for myself 1 2 3 4  
Q5. I am keenly aware of the income goals I have for myself 1 2 3 4  
Q6. I enjoy tackling problems that are completely new to me 1 2 3 4  
Q7. I enjoy trying to solve complex problems 1 2 3 4  
Q8. The more difficult the problem, the more I enjoy trying to solve it 1 2 3 4  
Q9. What matters most to me is enjoying what I do 1 2 3 4  
Q10. It is important for me to be able to do what I most enjoy 1 2 3 4  

 
Most people compare themselves from time to time with others. For example, they may compare the way they feel, 
their opinions, their abilities, and/or their situation with those of other people. There is nothing particularly “good” or 
“bad” about this type of comparison, and some people do it more than others. We would like to find out how often 
you compare yourself with other people. On a scale of 1–5 (1=strongly disagree, 5=strongly agree), please state how 
much you agree or disagree with the following statements about you. 

             Strongly          Strongly 
            Disagree Agree 

      
Q11. I often compare how my loved ones are doing with how others are doing 1 2 3 4 5 
Q12. I always pay a lot of attention to how I do things compared with how others do things 1 2 3 4 5 
Q13. If I want to find out how well I have done something, I compare what I have done with 
how others have done 1 2 3 4 5 

Q14. I often compare how I am doing socially (e.g., social skills, popularity) with other 
people 1 2 3 4 5 

Q15. I am not the type of person who compares myself often with others 1 2 3 4 5 
Q16. I often compare myself with others with respect to what I have accomplished in life 1 2 3 4 5 
Q17. I often like to talk with others about mutual opinions and experiences 1 2 3 4 5 
Q18. I often try to find out what others think who face problems similar to those I face 1 2 3 4 5 
Q19. I always like to know what others in a similar situation would do 1 2 3 4 5 
Q20. If I want to learn more about something, I try to find out what others think about it 1 2 3 4 5 
Q21. I never consider my situation in life relative to that of other people 1 2 3 4 5 

 

On a scale of 1–5 (1 = almost never to 5 = almost always), please indicate the extent to which each item describes the 
support provided to you by your immediate supervisor. 

 Never                                  Always       
      
Q22. My work supervisor values my contribution to the company’s well-being. 1 2 3 4 5 
Q23. My work supervisor strongly considers my goals and values.  1 2 3 4 5 
Q24. My work supervisor really cares about my well-being. 1 2 3 4 5 
Q25. My work supervisor is willing to help me when I need a special favor. 1 2 3 4 5 
Q26. My work supervisor shows very little concern for me. 1 2 3 4 5 
Q27. My work supervisor takes pride in my accomplishments at work. 1 2 3 4 5 
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We would like to ask you about your own assessment of your work. 

Please answer the following question (by sliding the button):  

   Highest Lowest 
             Performer Performer 

      
Q28. On “% of my day spent performing productive activities,” compared to all 
123 mechanics at GasCo, I think my performance would rank me ___ out of 123      
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Appendix 2: Reactions from Mechanics and Supervisors to Providing Employees with 
Transparent Performance Data (from Participant Observation) 

 
“I finally know what management sees about me! Now I understand some of the feedback I’ve gotten in the 
past.” [Mechanic] 
 
“I know I could get this information before—my supervisor told me I could just ask—but asking takes time 
and can also make you look bad. There’s no reason why I should have to ask. I don’t want to wait to get 
information until it’s too late to use it. This new way is much better.” [Mechanic] 
 
“Of course this is better. I get to see the data now, not when [supervisor] feels like it. I get all of it, not just 
what [supervisor] remembers. I get the numbers, not just [supervisor]’s words.” [Mechanic] 
 
“With these new scorecards, it’s definitely best to hide in the middle of the pack. No one notices you if you 
are and that’s the best you can hope for.” [Mechanic] 
 
“Some [mechanics] tease low-performers and high-performers. If you’re low, it’s like you’re not pulling 
your weight. If you’re high, then you had an easy job or could’ve helped someone else. It’s better off to 
conform, not excel.” [Mechanic] 
 
“No one hears anything about being middle of the good [productive] time… but if your bad [non-productive] 
time is high, I think people notice… Hell, I notice when others are high…. When it was just [supervisor 
name], it was different—he got me, he knows what it’s like, that the good is more important than the bad—
but the numbers don’t, so just be sure the bad doesn’t stand out.”  [Mechanic] 
 
“I’ve heard mechanics who have been here longer complain about the new scorecards. But then tell me—
why are younger, less-experienced workers showing better performance metrics? [Participant-observer asks 
why.] Because the supervisors have been too nice to the others.” [Mechanic] 
 
“I like it. It helps us all get better and know each other better—we know who we can learn from, who needs 
training, what ways there are to improve this job.” [Mechanic] 
 
“Now that we know that [mechanic names] are hitting these numbers, [mechanics] who aren’t doing as well 
can go and ask them how. It’s good that low-performers can approach high-performers, especially for new 
mechanics. Some mechanics struggled to improve because they didn’t have a good supervisor who could 
help them do so—either supervisors don’t know or they don’t care. Now they can get help from others 
directly.” [Mechanic] 
 
“Some supervisors just don’t get it. Either they have forgotten what it’s like to be out here or never knew in 
the first place. It’s like talking to a brick wall—a total waste of time. This is better because mechanics can 
support each other directly.” [Mechanic] 
 
“Talking to supervisors… [makes a grunting sound]… sometimes it’s like you are stuck in their check-the-
box exercises. It’s a total waste of time. Much better to go straight to the source [points at the high-performers 
on the chart].” [Mechanic]  
 
“Don’t worry about that thing [the scorecard]. Looking daily at the data alone can’t provide an accurate view 
of your work. Good supervisors know that it’s more than just numbers and they will tell you when you are 
doing a good job or not.” [Mechanic] 
 
“If some work a certain way—like, for safety or for the customer—that’s how they should work, regardless 
of some graph. My supervisor gets that, even if some IT system does not.” [Mechanic] 
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“I like having my team directly get the results when I do. They can respond more immediately to problems 
and it gives me more time to do other things.” [Supervisor] 
 
“I like not being in the middle anymore. Because my team sees what I see, they feel more immediate 
ownership over the results and believe me when I say I’m not hiding anything.” [Supervisor] 
 
“As a former mechanic, I know there are good days and bad days—a single chart can’t show that. I’ve always 
told my team that if someone wanted to see raw numbers, they could come see me. Giving them the daily 
data just distracts them from doing their work.” [Supervisor] 
 
“Certain mechanics on my team have been difficult to motivate since I started this position. I don’t know 
why, but now they finally seem to be paying attention to how they manage their time—particularly their 
nonproductive time.” [Supervisor] 
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