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Abstract. This paper examines how giving front-line employees direct access to their perfor-
mance data affects performance. To explore that impact, we conducted a field experiment at a
service organization that made employees’ daily time-use analytics—previously available
only to supervisors—simultaneously available to the employees themselves. We find, com-
pared with the preintervention mean value, a significant treatment effect (an 11% decrease) in
nonproductive time relative to the control group. That time, however, flows not strictly to pro-
ductive (revenue-generating) activities but largely to the most convenient outlets,
suggesting—as supported by our qualitative evidence—that data transparency on average
shifted behavior more toward avoiding nonproductive activities than toward approaching
productive activities. (As one participant observed, it led people to “conform, not excel.”) We
examine three relational factors we believed, based on prior feedback research, could moder-
ate the performance effect: perceived supervisor support, social comparison orientation, and
work motivation type. Performance improvements are greater for employees who perceived
their supervisors as less supportive and for those with low intrinsic motivation or high extrin-
sic motivation; we fail to find a moderating effect of social comparison orientation. Therefore,
although we identify the avoidance (although not approach) value of transparent performance
data, our results also tell a nuanced story about the supervisor’s optimal role in delivering
feedback: The ability to shift people away from “bad” and toward other uses of time depends
on the employee’s perception of supervisor quality and the employee’s motivation type.
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1. Introduction

standing literature investigates how they should aggre-

Performance feedback—information about the effec-
tiveness of individuals” work behaviors (Ashford and
Cummings 1983, Taylor et al. 1984)—has long been an
important tool for managing front-line performance
(Ilgen et al. 1979, Balcazar et al. 1985, Larson 1989,
Alvero et al. 2001, Lourengo 2016). It gives organiza-
tions a concrete way to address a common, often vex-
ing, employee question: How am I doing?
Traditionally, supervisors have been responsible for
answering that question—and for doing so well. A long-

805

gate, filter, frame, and then deliver performance feed-
back to maximize its positive effects (Kluger and DeNisi
1996). However, advances in technology that allow for
greater quantification of employee behaviors (Pierce et al.
2015, Mazmanian and Beckman 2018, Ranganathan and
Benson 2020) and for more immediate reporting of them
(Mollick and Rothbard 2013, Goler et al. 2016, Staats
et al. 2017) are changing supervisors’ role in the feed-
back process. In settings where employees can directly
access their performance data (for example, via digital
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scorecards that show results for individual members of
a workgroup), they need not rely solely on their supervi-
sor for the information.

In this paper, we theorize that phenomenon—direct
employee access to performance data previously
accessed only by supervisors—as partial disintermedi-
ation of the supervisors. We say “partial” because,
although employees can access the information with-
out a supervisor’s involvement, they may still receive it
through supervisor feedback or seek a supervisor’s
help in utilizing the information (Steelman and Wol-
feld 2018). In other, nonmanagerial contexts, scholars
have used the term apomediation to describe such partial
disintermediation of “middle(wo)men,” upon observ-
ing how the Internet allows consumers (like patients in
healthcare settings) to directly access information that
was previously exclusive to expert intermediaries (like
their doctors) (Eysenbach 2008). We argue that some-
thing similar is happening in management to supervi-
sors delivering feedback at work. In prior scholarship
on nonmanagerial contexts, it has been said that an
intermediary “stands in between (Latin: inter- means
in between) the consumer and information, meaning
that she is a necessary mediating agent to receive the
information in the first place,” whereas an apomediary
will instead “stand by (Latin: apo- means separate,
detached, away from) to guide a consumer to high
quality of information and services without being a
prerequisite to obtain that information or service in the
first place and with limited individual power to alter or
select the information that is being brokered” (Eysen-
bach 2008, p. 6). Likewise, in the workplace, supervisors
who serve as intermediaries stand between employees
and their performance data and can thus control the
messaging around it, whereas those who serve as apo-
mediaries stand by to facilitate understanding and use
while also allowing employees simultaneous direct
access to the analytics. In our paper, we build on this ter-
minology to describe an emerging approach to manage-
ment in workplaces with increasingly transparent
performance data and reporting to front-line employees.

Yet even as more organizations give employees
direct access to performance data (Cunningham and
McGregor 2015, Cappelli and Tavis 2016, Ewenstein
et al. 2016) and the supervisor role therefore becomes
more apomediary than intermediary, empirical research
has only begun to investigate the impact of that shift on
performance. In the management literature’s long tradi-
tion of measuring and reporting on tasks and output—
harkening back to the time-motion studies of Taylor
(1914) and Gilbreth and Gilbreth (1919)—only a handful
of empirical studies (notably Earley (1988) and Kluger
and Adler (1993)) have investigated the implications of
computer-delivered versus human-delivered employee
feedback (Table A.1). Although those older studies
examined situations in which the same, simplistic

feedback (e.g., correct/incorrect) was delivered by either
a computer or a human, the workplace has since
evolved, thanks in no small part to a proliferation of new
technological tools and capabilities (Leonardi and Neeley
2022). For that reason, it is now time to look at how per-
formance can be affected in real work settings when the
same raw—but in this century, more complex—data that
used to be accessible only by supervisors (who aggre-
gated, filtered, framed, and delivered it to employees as
feedback) becomes directly accessible by employees.

That is what we set out to do in this paper. In par-
ticular, we examine how front-line performance
responds to direct access to performance data—and,
if different employees respond differently, who bene-
fits from directly accessed feedback (with supervisor
as apomediary) versus supervisor-delivered feedback
(with supervisor as intermediary, exclusively acces-
sing the raw data).

On the one hand, technologists have good reasons to
anticipate a positive potential impact: As data generation
and algorithmic evaluation capabilities have advanced
(Madhavan and Wiegmann 2007, Lee et al. 2015, Kellogg
et al. 2020, Cameron 2022), scholars have found that giv-
ing employees direct access to performance data can
ward off certain problems associated with supervisor-
intermediated feedback (Frick and Simmons 2008, Jack-
son 2012, Schyns and Schilling 2013, Scott 2017). For
example, it can mitigate the risk that supervisors will put
a subjective “spin” on the results (Prendergast 1999, Gibbs
et al. 2004, Bol 2008, Harvey and Green 2022) or that their
feedback may be skewed by personal biases (Larson 1989,
Adams 2005, Botelho and Gertsberg 2022), inconsisten-
cies, or supervisor-employee polarization (Patil and Bern-
stein 2022). In addition, direct access to the data makes
employees less beholden to a supervisor, thus allowing
them to work around a lower-quality supervisor or seek
advice from others, including peers, when they know
their performance is subpar (Ashford and Cummings
1983, Larson 1989). Finally, direct data access may pro-
mote constructive changes in employee behavior. Much
as finance and supply chain scholars have found positive
effects on transactional and logistical performance from
the partial disintermediation of “middlemen” through
transparent data (Chircu and Kauffman 1999), manage-
ment scholars might expect gains in front-line perfor-
mance due to employees’ sharper focus on the task-
motivation and task-learning components of their own
cognitive processes, which the established feedback
intervention theory (FIT; Kluger and DeNisi 1996) pre-
dicts will lead to higher performance.

On the other hand, directly accessing the data can
also harm employees” performance. Supervisors tradi-
tionally have served as feedback intermediaries because
they can do things as gatekeepers that data cannot do
alone (Kraut et al. 1989). Prior research in organizational
behavior suggests that—like intermediaries in other
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fields (Chircu and Kauffman 1999, Spulber 1999)—
supervisors aggregate, filter, and frame performance
data in valuable ways. For instance, they can minimize
information-processing costs for employees, assist in
interpreting the data, focus employees’ attention on the
most relevant information, and offer actionable guid-
ance (Alvero et al. 2001, London 2003). In contrast,
when performance data flow directly to employees
without supervisor intermediation, people may have
greater difficulty finding, recognizing, making sense of,
and using what’s important (Cases-Arce et al. 2017),
much as healthcare consumers without any doctor
mediation may ““get lost’ in the vast amount of informa-
tion [online] and arrive at the wrong or irrelevant
information” (Eysenbach 2008, p. 6). Without help build-
ing a narrative (Hersel 2020) around the performance
data, especially in contexts where overall performance is
more subjective than what can be captured by just the
numbers, employees may find direct data access more
confusing than useful.

Alternatively, a third option is possible: Direct data
access might have little impact on employee perfor-
mance at all—or might affect it only for certain kinds of
employees. Those outcomes would also be interesting,
as they might suggest that the managerial effort being
devoted to making these data transparent is not a per-
formance revolution (Cappelli and Tavis 2016) but
rather (at least in some situations) a technology-driven
but not performance-enhancing shift in organizational
processes.

We use a field experiment with embedded-participant
observation at a large U.S. gas utility (GasCo) to empiri-
cally investigate how the simple act of providing front-
line employees with transparent access to their own and
other team members’ performance data—the exact same
data previously accessed only by supervisors—affects
their performance. 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 front-line employees: The
supervisors alone could see three daily performance
metrics, focused on effective time use,' for all employees
under their supervision—automatically tracked by sen-
sors in employees’ trucks, computers, and handheld
devices®—and could then use those analytics to provide
performance feedback. During our study, a randomly
selected group of front-line employees (“service
mechanics”) received direct (“transparent”) access to
individual-level performance for those three metrics.
These were exactly the same data that had previously
been available only to their supervisors and that super-
visors generally shared with employees during their
interactions each day. Over the following months, we
compared this treatment group’s performance with
that of the control group, which did not receive direct
access to the data.

We combine three empirical approaches to estimate
the effect on front-line employee performance of par-
tially disintermediating supervisors—that is, casting
them in the role of apomediary—with transparent per-
formance data. First, we use a traditional difference-in-
differences estimation, where we compare employee
performance in four treated work centers, before and
after they received the performance data previously
reserved exclusively for their supervisors, with employee
performance in seven untreated (control) work centers.
Our second empirical strategy is to collect and analyze
survey data to investigate several key moderating effects
that both deepen our understanding of why partial disin-
termediation affects performance and mitigate concerns
about alternative explanations. Our third approach uses
embedded participant observation to complement our
main results and provide qualitative evidence about
mechanisms.

Our baseline findings point to the value of trans-
parent performance data, relative to supervisor-
intermediated performance feedback, for influencing
front-line employees, on average, to reduce time-use
labeled “nonproductive” but not to directly focus on
increasing “productive” time use (with nonproduc-
tive and productive having been clearly defined,
prior to our study, jointly by the organization and its
employees). Specifically, compared with the preinter-
vention mean value, the treatment group experienced
an 11% decrease in nonproductive time relative to the
control group, but on average, we see immaterial
effects (in both magnitude and significance) on pro-
ductive time and on a third category of time, support
time (non-revenue-generating work activities). Those
results suggest that employees—when given an oppor-
tunity to make sense of performance data without
supervisor intermediation—focused more on avoiding
activities perceived as bad than on pursuing, or
approaching, activities perceived as good.

Two moderating effects allow us to unpack this base-
line result and explore the heterogenous effects across
different types of employees, allowing us to disentan-
gle for whom managers-as-feedback-givers added value
and for whom managers-as-feedback-givers got in the
way. First, we find that employees who perceived low
supervisor support ex ante had treatment effects of
greater magnitude and statistical significance, consis-
tent with a view of transparent performance data as a
partial substitute for lower-quality supervisors in the
delivery of feedback. Second, we find that employees
with lower intrinsic motivation and/or higher extrinsic
motivation—in other words, employees more driven
by external rather than internal rewards—also had
treatment effects of greater magnitude and statistical
significance, consistent with a view of transparent per-
formance data as a vehicle for providing public recog-
nition and, thus, external performance incentives.
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Shifting supervisors from intermediaries to apome-
diaries might increase employees’ access to relative
performance information (Kuhnen and Tymula 2012,
Tafkov 2013), given that supervisors might be more
hesitant than computers to share information about
other employees’ performance. We therefore explored
whether the performance improvements were driven
by greater access to relative performance information.
We find little evidence of that. If the main result was
largely driven by that access, we would expect greater
treatment effects for employees with stronger social
comparison orientation, as prior work has shown (Han-
nan et al. 2013). But we find mixed, inconclusive evidence:
Those with weak social comparison orientation in fact
reduced nonproductive time more than they increased
productive time, whereas those with strong social com-
parison orientation increased productive time more than
they reduced nonproductive time, although the latter
effect is statistically insignificant. Based on the moderator
analyses, our main effect appears not to be driven simply
by greater access to relative performance information.

Our results were reinforced by the qualitative evi-
dence collected by our embedded participant observer.
Employees appreciated seeing detailed performance
data whenever they wanted. But they spoke much less
about improving their productive time than about not
wanting to “stand out” for their nonproductive time.
Compared with other employees, those dissatisfied
with their supervisors” level of support welcomed
access to transparent performance data with more
enthusiasm and perceived greater benefit from it.

This paper has implications for several research
streams. First, we contribute to research on perfor-
mance feedback, both building on FIT and providing
new nuance to it. Although a vast literature on the
effects of performance feedback has clarified the rela-
tionship between performance improvement and cer-
tain feedback attributes (such as frequency, specificity,
and negative or positive framing) or certain recipient
attributes (such as gender and past performance), and
whether and how the feedback is linked to incentives or
targets (Hannan et al. 2008, Thornock 2016, Eyring and
Narayanan 2018, Lourengo et al. 2018), none directly
examines the effect of eliminating the information-
transparency gap between employees and supervisors
in a real work setting with complex measures of perfor-
mance. Our study—by specifically evaluating the effect
of giving employees direct access to raw performance
data and thereby partially disintermediating managers
in the feedback process—empirically underscores the
dual importance of transparent data and high-quality
apomediaries (supervisors) in performance feedback,
whereas also showing a downside to making supervi-
sors apomediaries.

Second, this paper contributes to growing work on
the interaction between information systems and human

behavior. Specifically, consistent with an older research
stream on how “bad is stronger than good” (Baumeister
et al. 2001, p. 323), greater data transparency shifted
attention toward avoiding behaviors perceived to be
“bad” (nonproductive) rather than toward approaching
behaviors perceived to be “good” (productive) or neu-
tral (support). It also activated or even amplified extrin-
sic (but not intrinsic) motivation. These findings add to
prior findings on human-computer versus human-
human interaction. By removing the additional layer
of filtering that a human intermediary (such as a super-
visor) provides, human-computer interactions may
reduce “customization” in the type of information dis-
closed or in the matching of feedback to individual
motivation types. As a net result, making supervisors
apomediaries may privilege employees’ avoidance
motives over employees” approach motives (Roth and
Cohen 1986, Elliot and Church 1997).

Finally, this paper contributes to emerging research
on novel organizational structures, as enabled by tech-
nologies that permit the partial disintermediation of
middle managers (Tapscott and Tapscott 2017, Bern-
stein 2022, Reitzig 2022). For instance, scholars have
identified information provision as one of the key roles
of traditional managers (Puranam et al. 2014). Although
that function may soon be taken over by technology, at
this point we know little about the effects on how work
is organized and done. Those merit investigation. As for
the impact on outcomes, whereas the intermediation lit-
erature has not investigated supervisors as internal
mediaries, our results are consistent with previous find-
ings on disintermediation, apomediation, and reinter-
mediation, in very different domains and contexts. Our
study both reinforces the importance of considering
mediary quality in assessing the performance effects of
partial disintermediation (Chircu and Kauffman 1999)
and extends this research into fresh territory by examin-
ing end users’ attributes (such as motivation types) as
moderators. Furthermore, broadening conceptualiza-
tions of “disintermediation” and “apomediation” may
open up other fruitful avenues for organizational
research. For example, as researchers continue to investi-
gate the influence of technology-enabled transparency
and quantification (Ranganathan and Benson 2020) on
operations management and learning systems (Staats
2018), our findings can help redefine—and reshape—
the evolving role of the manager (Mintzberg 1975, 2013).

2. Motivation and Theory

Studies in psychology, organizations, and operations
demonstrate some beneficial effects of feedback inter-
ventions on front-line performance (Ilgen et al. 1979,
Pritchard et al. 1981, Ivancevich and McMahon 1982).
However, empirical research also demonstrates that
such feedback does not always improve performance
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(Eriksson et al. 2009, Lourengo 2016); 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).

In the most notable and highly cited attempt to bring
together such mixed findings, the review of empirical
studies of Kluger and DeNisi (1996), accounting for
607 effect sizes and 23,663 observations, found that,
although feedback interventions did improve perfor-
mance on average, 38% of them made it worse. To
explain the heterogenous effects, Kluger and DeNisi
(1996) used a meta-analysis of those studies to develop
the FIT, which argues that the variance between posi-
tive and negative performance outcomes stems from
where the feedback focuses an employee’s 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 the employee
interprets the feedback and the implications of that
interpretation for affect, framing, and the self):

Specifically, a feedback intervention (FI) provided for
a familiar task, containing cues that support learning,
attracting attention to feedback-standard discrepan-
cies at the task level (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 impres-
sive gains in performance, possibly exceeding one
standard deviation (Kluger and DeNisi 1996, p. 278).

In short, they conclude that cues directing employee
attention to meta-task processes make feedback less
effective, whereas those directing attention to task-
motivation or task-learning processes make it more
effective. Given those findings, it is worth exploring
which types of cues supervisors have been providing
in their role as feedback givers.

2.1. What Is the Supervisor’s Role in the Delivery
of Performance Feedback?

In the nearly 30 years since FIT was published, supervi-
sors (direct managers) have, in practice, traditionally
played a central role in crafting feedback that could
meet FIT’s propositions for front-line employees.
We conceptualize such supervisors as intermediaries—
people who act as a link between others (Oxford
English Dictionary 2015)—because their feedback-
crafting functions mirror the three functions that scho-
lars have distilled from the activities of a wide variety
of intermediaries (e.g., go-betweens, middlemen, bro-
kers, traders, diplomats, bridgers, mediators, recrui-
ters, wholesalers, spies, interpreters, priests, rabbis)
(Smith 2002, McCubbrey and Taylor 2005, Howells
2006, Hurt 2007, Zhang and Li 2010, Ahn et al. 2011,
Chiappa et al. 2014, Stanton and Thomas 2015): aggre-
gating, filtering, and framing (Spulber 1999).

Like intermediaries in other domains,’ supervisors
typically receive more information about their supervi-
sees than those supervisees do and must then decide
how to aggregate, filter, and frame that data and pro-
vide periodic feedback. They may aggregate real-time
or hourly performance data to provide daily, 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. It might then seem to fol-
low that good supervisors—for example, those who
deliver performance feedback as FIT suggests it is most
optimally delivered—would, like good intermediaries
in other domains, drive the best outcomes with their
aggregating, filtering, and framing. That has been the
traditional view of many organizations seeking better
performance from feedback interventions. But organi-
zations are changing with technology. Workplace data
are increasingly transparent to employees, and the
supervisor’s role is evolving along with that shift.

2.2. How Might Performance Data Transparency—
and Its Partial Disintermediation of
Supervisors—Affect Front-Line Outcomes?

Just as traditional middlemen in other domains are dis-
intermediated by technology in one or more aspects of
their roles (Chircu and Kauffman 1999), a similar trend
is happening among supervisors in the delivery of per-
formance feedback to front-line employees. Some orga-
nizations are choosing to make the same performance
data, previously available only to supervisors, transpar-
ent to employees through real-time tracking, dash-
boards, and other analytics tools. Akin to the often-cited
observation by Eysenbach (2008) that a patient’s ability
to directly access information on the Internet has shifted
doctors and nurses from traditional intermediaries (gate-
keepers of information who stand in between the patient
and the information) to apomediaries (agents who stand
by to potentially guide a patient to high quality of infor-
mation without being gatekeepers to it), transparent per-
formance data turn supervisors into apomediaries in
their role of delivering performance feedback. How will
that affect employee performance?

Prior empirical studies—although scarce, disparate,
and sometimes conflicting—offer some foundations for
a theoretical answer. For starters, two studies in the
1980s and 1990s—which focused only on the delivery
of the same simple information via either a computer or
a person—explored the impact of computer-mediated
versus human-mediated feedback. They found that (a)
computer-generated feedback to mail order processors
led to more trust, stronger feelings of self-efficacy, and
better performance than did identical feedback from a
human supervisor (Earley 1988), and (b) people seemed
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to be more likely to seek binary outcome feedback (i.e.,
correct versus incorrect) from a computer than from a
human (Kluger and Adler 1993) because interacting with
a machine involved less stigma, less impression manage-
ment, and more frequent access (Ashford and Cum-
mings 1983, Karabenick and Knapp 1988). Given such
promising early results, Kluger and Adler (1993, p. 2)
encouraged more work on this topic when they wrote
that there had been “much discussion concerning the
relative merits of person- versus computer-mediated
performance feedback, but little empirical research”—a
sentiment unfortunately still reiterated by Stone et al.
(2015) and Johnson et al. (2015) 22 years later. Although
scholars have built on the initial two studies in attempts
to optimize computer-mediated feedback (see Table A.1),
particularly in the fields of education (Neri et al. 2008,
Murphy 2010) and alcoholics counseling (Elliott et al.
2008, Carey et al. 2012, Cole et al. 2018), we are aware
of no empirical work that extends this research to con-
temporary organizational contexts, with more complex
metrics (versus binary correct/incorrect or yes/no feed-
back on reaching a simple goal), more intricate and pro-
fessional (Leicht and Fennell 2001) work (versus simple
tasks), and more sophisticated tracking (versus simple
output-based metrics).

That lack of progress may stem, in part, from the
fact that after FIT was published, practitioners have
primarily interpreted FIT as a means to improve the
delivery of performance feedback by supervisors. After
all, supervisors—like other intermediaries who have
survived and even thrived despite technological
attempts to partially disintermediate them (Chircu
and Kauffman 1999, Jallat and Capek 2001, Fang et al.
2015)—add various kinds of value when delivering
performance feedback. That value could easily get lost
in organizations that bypass parts of the traditional
feedback process by giving employees direct access to
the same performance data supervisors receive. For
example, as is argued in many cases of disintermedia-
tion (Chircu and Kauffman 1999), people with direct
access may struggle to find or recognize the most rele-
vant information or to realize what actions would be
most appropriate, leading to distraction or confusion.
In short, as in other domains where disintermediation
has become technologically more feasible (Spulber
1999), the intermediary—in this case, the supervisor
delivering performance feedback to the front-line
employee—may provide performance-enhancing value,
above and beyond the value of the raw data, by aggre-
gating, filtering, and framing that data prior to provid-
ing feedback.

However, that is not the only way to interpret FIT.
Indeed, one key insight—that higher velocity task-level
data will improve performance by directing employees’
attention to task learning and task motivation—might
conversely support a prediction of better performance

when employees are given direct access to performance
data previously available only to their supervisors. A
second key insight of FIT—that reducing “cues to the
meta-task level” will improve performance—might
similarly reinforce the merits of data transparency; that
is, employees with direct data access may be less likely
to feel evaluative pressure and to distract themselves
from performance improvement by thinking about
what the supervisor’s view of their performance means
for them and their self-esteem.

Even as organizations choose to provide direct
employee access to performance data, our field’s ability
to predict the consequences remains limited, therefore,
by a lack of empirical work directly comparing the per-
formance effects of supervisor-intermediated data with
those of direct data access in contexts involving complex
feedback (e.g., not just correct/incorrect), more profes-
sional work (not just basic routine tasks), and advanced
technology (capable of automated, faster, more sophis-
ticated analytics). This uncertainty frames our main
research question: how will the act of providing front-
line employees with direct access to transparent perfor-
mance data (the same data previously intermediated by
supervisors) affect performance outcomes?

2.3. What Factors Would Influence the
Performance Effects of Transparent
Performance Data?

Given our main research question above and our read

of the performance feedback literature, we wondered

whether different employees might respond differently
to direct data access versus supervisor-mediated feed-
back and, if so, what might explain their varied responses

(in particular, their behavioral shifts toward good or bad

uses of time (Podsakoff and Farh 1989, McFarland and

Miller 1994, Van Dijk and Kluger 2011)). Because data

transparency might encourage individual employees to

reallocate effort and time among different types of tasks

(Brewer 1995, Hannan et al. 2013), we wanted to look not

just at average effects within and across task types but

also at any individual shift in time use.

Why study time use versus other performance
metrics? As contemporary front-line work has become
more complex (Bordoloi et al. 2019)—and therefore
more “professional” (Leicht and Fennell 2001)—than
the simpler routines studied in the feedback literature in
the past (Earley 1988, Kluger and Adler 1993), supervis-
ing an employee’s judgment about which task to do by
tracking their allocation of time has become more tracta-
ble than supervising how a complex task is done and
the outcome it produces. As a result, employers are
increasingly adopting systems that track and codify
front-line workers” time use, often breaking that time
down into three categories of tasks: billable /productive
tasks (such as customer-facing or other revenue-
generating activities), nonbillable/nonproductive tasks
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(such as personal phone calls and coffee breaks), and
support/investment tasks (necessary work activities,
such as training and maintenance, that do not directly
generate revenue but make long-term revenue genera-
tion possible) (Maister 1993, Evans et al. 2004). Numer-
ous organizations from a range of industries—such as
healthcare (Kc and Terwiesch 2009, Kippenbrock et al.
2018), construction (Guidry et al. 2018), drilling (York
et al. 2009, Eren 2018), trucking (Roberti et al. 2014),
manufacturing (Berman et al. 1997), law (Campbell and
Charlesworth 2012), creative industries (Pitts 2022), and
financial services (Staats and Gino 2012)—have found
that scheduling (Pinedo 2012), tracking, and supervising
time allocation is at least as important as supervising
how a task is ultimately performed.

Employees then often receive feedback on how they
allocate time, just as they receive feedback on how they
do tasks. Organizations—across the various industries
above—are experimenting with giving employees direct
access to data on how well they are using their time
rather than leaving it to supervisors to aggregate, filter,
frame, and then deliver that feedback. How that trans-
parency affects time allocation remains unknown, how-
ever, especially as prior feedback research has focused
more on how tasks are completed than on the types of
tasks employees choose to spend their time doing.

Yet, judgments about employees’ time allocation
remain intact. Some task types are deemed good invest-
ments of time and others bad. Because research has
shown many ways in which “bad is stronger than good”
(Baumeister et al. 2001, p. 323), and because research has
shown that feedback valence affects which behaviors are
encouraged (Peifer et al. 2020), it might be that making
individual performance transparent across multiple cat-
egories of tasks—without supervisor intermediation—
would naturally focus employee attention more on
avoiding activities that could be considered bad (non-
productive) than on increasing activities considered to
be good (productive). Alternatively, research on using
leaderboards and gamified dashboards at work to moti-
vate performance suggests that competition for the top
spots naturally focuses employee attention more on the
most positively viewed activities (Yakura 2001, Chanen
2005, Mollick and Rothbard 2013, Bernstein and Blunden
2015)—an approach rather than avoidance motive.
There is even theoretical support for transparent perfor-
mance data driving greater support time, as employees
see others investing in themselves now to excel in the
future (Carpenter et al. 2012). We thus investigate task
type—productive/billable, nonproductive/unbillable,
or support/investment—for baseline effects of giving
employees direct access to data that were previously
used only by supervisors to provide feedback.

As with some prior empirical research on perfor-
mance feedback, the most interesting findings may
emerge from investigating potential moderators of the

performance effects (Kluger and DeNisi 1996, Alvero
et al. 2001, Barends et al. 2022). Theory on workplace
transparency (Bernstein 2017) suggests that when perfor-
mance data are made more transparent, three mutually
exclusive categories of relational moderators—relational
because they incorporate effects attributed to the employ-
ee’s relationship with surrounding others (Eberly et al.
2011, 2017)—may influence how an individual pays
attention and reacts to the transparent data. The three cat-
egories are (1) vertical relational moderators (based on a
hierarchical relationship), such as how supervisor or
direct report dynamics influence the individual’s atten-
tion and behaviors; (2) horizontal relational moderators
(based on a peer relationship), such as the degree to
which dynamics among teammates influence the indivi-
dual’s attention and behaviors; and (3) relational-versus-
self moderators (based on the relative influence of exter-
nal relationships or internal motivations), such as the
degree to which external/internal forces influence the
individual’s attention behaviors. In each case, because
previously private data are now more visible to others,
how the individual responds can be affected by those
relational attributes.

We therefore also study three critical relational mod-
erators, one from each category above, that existing
theory suggests would be most relevant for our study:
(1) perceived supervisor support (as a vertical rela-
tional moderator), because employees’ response to
raw data versus supervisor-mediated feedback might
depend on their view of supervisor quality (Snyder
et al. 1984, Feys et al. 2008); (2) social comparison orienta-
tion (as a horizontal relational moderator), because
employees’ response to raw data versus supervisor-
mediated feedback might depend on their sensitivity
to relative performance information (Blanes et al. 2011,
Song et al. 2018); and (3) work motivation type (as a
relational-versus-self moderator), because employees’
response to raw data versus supervisor-mediated feed-
back might depend on the extent to which they are
motivated by external pressure (Kuvaas 2006, DePas-
que and Tricomi 2015).

2.3.1. Perceived Supervisor Support: Quality of Inter-
mediary (Vertical Relational Moderator). As in other
studies of disintermediation (Fang et al. 2015), the qual-
ity of the supervisor—the “value” that he or she is per-
ceived to deliver—may moderate the effects of partial
disintermediation. In our investigation, how employee
performance shifts when supervisors no longer hold
information privilege and are no longer exclusively
relied on for feedback would seem to depend on how
much employees value the intermediary’s support
above and beyond the delivery of raw data. Perceived
supervisor support has been tied to in-role and extra-
role performance (Eisenberger et al. 2002, Shanock and
Eisenberger 2006, Jokisaari and Nurmi 2009), but to our
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knowledge, that connection’s impact on the perfor-
mance effects of transparent data remains unstudied.
Based on existing work, we theorize two potential
opposing outcomes.

On the one hand, access to the same performance
data that supervisors receive can only convey what
one’s performance is and not how to improve it (Heller-
vik et al. 1992, London and Smither 1995). Supervisor
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, sim-
plify, and interpret relevant information. Seifert et al.
(2003) found that feedback without a facilitator (i.e.,
just a report) failed to improve performance, whereas
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 noninformational
dimensions of the role, such as providing guidance and
inspiration, that would complement transparent perfor-
mance data. Giving employees direct access to the data
previously reserved for the supervisor would, in effect,
encourage more—and higher value—conversation with
the supervisor. In that case, the larger performance gain
from access to such data could come from those who
work under higher-quality supervisors—those per-
ceived to be more supportive.

On the other hand, access to transparent data may be
a substitute for part of the supervisor’s role in perfor-
mance feedback (Tapscott and Ticoll 2003, Hamel 2011),
especially for “bad” supervisors whom employees do
not view as supportive. In those cases, employees may
value the data source more than the middleman: Find-
ing out where they stand relative to coworkers can pro-
vide them with other role models—peers—who may be
better coaches than their own supervisors (Illgen et al.
1981, Larson 1986), making the supervisor’s input even
less valuable than it had been while also boosting
performance.

2.3.2. Social Comparison Orientation: Effects of Rela-
tive Performance Information (Horizontal Relational
Moderator). The seminal paper of Festinger’(1954) pro-
posed that, in the absence of clear standards of correct-
ness, people evaluate themselves, their opinions, and
their capabilities in comparison with others (Wood
1989, Gibbons and Buunk 1999, Suls et al. 2002). Know-
ing how one performs relative to peers can improve
performance (Azmat and Iriberri 2010, Kuhnen and
Tymula 2012, Tafkov 2013). 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, as measured by the Iowa-Netherlands
Comparison Orientation Measure (Gibbons and Buunk
1999, p. 199). Partially disintermediating supervisors

with transparent performance data may increase
employees’ access to relative performance informa-
tion if supervisors previously chose to buffer the dis-
closure of such information, viewing it as sensitive.
For our purposes, if greater access to relative perfor-
mance information (Song et al. 2018)—rather than
supervisor disintermediation—is driving outcomes,
we would expect that those more prone to social com-
parison would be more likely to improve after gaining
such access. Therefore, we test for that moderat-
ing effect.

2.3.3. Work Motivation Type: External Pressure via
Greater Transparency (Relational-vs.-Self Modera-
tor). A vibrant—and sometimes heated—dialogue has
emerged about the impact of transparent data on moti-
vation in the workplace (Christin 2018, Aarons-Mele
2020). If viewing transparent performance data (e.g., a
digital dashboard showing daily performance metrics
for all employees in the same work unit) generates
higher external performance pressure than the less-
transparent supervisor-led feedback process, whether
it yields positive or negative performance effects would
depend on employees’ type and level of motivation, as
has been true in much empirical research on feedback
(Anderson and Rodin 1989, Kluger and DeNisi 1996).

Affected by personality types (Swift and Peterson
2018), 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 intrin-
sic motivation) and others by external inducements such
as pay or social recognition (i.e., high extrinsic motiva-
tion). Although prior empirical evidence is lacking, it
may be that intrinsically motivated employees are less
affected by such pressure from transparent data because
they are less sensitive to external pressures that are fil-
tered out, or at least buffered, by an intermediating
supervisor, whereas extrinsically motivated front-line
employees are more affected. In other words, transpar-
ent performance data could act as a complement to
extrinsic motivation and thus as a substitute for intrinsic
motivation (for employees who lack it). Conversely, the
opposite may be true: Because the data offers an oppor-
tunity for additional learning (typically an intrinsic
motivator) but not for additional rewards (in the
absence of financial or other extrinsic incentives), trans-
parent performance data could act as a complement to
intrinsic motivation and thus as a substitute for extrinsic
motivation (for employees who lack it). We test for both
possibilities.

3. Methods and Data

3.1. Research Setting

The context of our study is a service operation—a natu-
ral gas distribution company (referred to as GasCo, a
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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 turn off gas, repair gas
appliances, repair leaks, and respond to emergencies.
They typically start their day by logging into the sys-
tem on their trucks and then reviewing and accepting
orders made available by dispatch. An algorithm auto-
matically maps a path to an order, after which the
mechanic drives there, arrives on site, completes the
order, and then drives to the next order or task. That
continues throughout the day, with the exception of
one to two blocks of time per day when they typically
meet back at the work center with their supervisor and
other mechanics. Although the activities may appear
routine, mechanics self-identify as and are considered
highly trained professionals because of (a) the risk
inherent in any activity involving gas, (b) their substan-
tial training, and (c) the wide variability in the contexts,
systems, and devices they are expected to safely diag-
nose and fix. Their activities meet our two activity-
based criteria for this study: sufficiently specified for
performance metrics to be comparable across indivi-
duals but sufficiently complex to permit wide variation
in results based on capability and on factors 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 (based on geographic areas), 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.,
mechanics in the control group were unlikely to learn
about the difference in treatment status through inter-
actions with those in the treatment group). Second, and
equally important, GasCo’s workforce did not face the
high-powered economic incentives (positive or nega-
tive) 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 a real workplace. In fact, many, if not most,
front-line jobs lack strong financial incentives for per-
formance (see U.S. Bureau of Labor Statistics Employee
Costs for Employee Compensation survey, summa-
rized 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% of total compensation. Nor were there strong
career-related incentives: Because the workforce was

unionized (all mechanics in the study were union
members, and one of them, M15, was a union leader),
there was less concern about job loss based on individ-
ual performance, and it was understood that promo-
tions were based primarily on tenure. This context
allowed us to observe the effect of direct access to per-
formance data itself, decoupled from financial incen-
tives 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, the staffing of which ran-
ged from 2 to 42 mechanics. Because the consolidation
involved integrating previously autonomous organiza-
tions with different histories, the performance feedback
systems also needed to be integrated into a consistent
set of metrics. Through a bottom-up effort (including
input from the mechanics and their unions), GasCo had
generated a single scorecard of time-use data—collected
automatically by technology in the mechanics’ trucks
and computers (not self-reported) and thus both mini-
mally subject to gaming and effortlessly measured—to
which the mechanics had collectively agreed. All these
data rolled-up to three umbrella categories of perfor-
mance metrics: mechanics’ percentages of productive
time, support time, and nonproductive time. (These are
defined in the Dependent Variables section below.)

3.2. Data Collection and Measures
3.2.1. Field Experiment. Four of the 11 work centers
were randomly selected for the treatment condition,
which involved being able to access—using any com-
puter (including mechanics’ truck laptops) and an indivi-
dual’s company account login—an intranet page with a
scorecard displaying the performance metrics of all
mechanics in the same work center. These were the same
data that supervisors previously received (and continued
to receive). The other seven work centers served as a con-
trol 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.* The only difference between the two
experimental conditions was whether the same perfor-
mance data were transparent to all (in the treatment
group, where both supervisors and mechanics could see
the data) or available only to supervisors (in the control
group, where mechanics received performance informa-
tion only via supervisor intermediation). According to
our embedded participant-observer, daily feedback con-
versations during work center meetings continued in
both treatment and control conditions, so the only
change was that the mechanics had direct access to the
raw data in the treatment group.”

This intervention was implemented as a natural field
experiment, which allowed us to draw causal inferences
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(due to the random selection of the treatment work cen-
ters) and to examine the effects of access to transparent
performance data in a natural context. Subjects were
unaware that they were participating in a study, allow-
ing us to avoid self-selection and discard alternative
explanations such as the Hawthorne effect (Mayo 1933,
Roethlisberger and Dickson 1939).

Figure 1 shows the randomization outcome, treatment
conditions, and timeline of the intervention. Figure 2
shows a sample screenshot of the daily scorecard infor-
mation visible (with names disguised) to individual
mechanics in the treatment group—the same perfor-
mance data that supervisors alone had previously
received. Mechanics in the treatment group received an
email every morning with a link to the scorecard infor-
mation. To ensure the quality of the intervention—that
is, to be sure mechanics were actually accessing the per-
formance data—we tracked how often the intranet web-
pages 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 preintervention period to take
into account the full cycle of seasonal effects.

To gather moderating and control variables, we sent a
Qualtrics survey link by email on June 19 (six days
before the intervention). Mechanics could access it from
any computer. We made clear that the survey was con-
ducted by external researchers, not GasCo, and that

Figure 1. (Color online) Randomization and Timeline
Treatment Group

4 work centers
31 mechanics

Figure 2. (Color online) Sample Screenshot of the Mechanic’s
View of the Daily Scorecard Information and Time/Activity
Categorization
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no responses would be seen by anyone in the company.
We sent the survey to all mechanics and had a 51%
response rate, which management reported was typical
for this population. We compare the key employee

Survey
June 19

Control Group
7 work centers
92 mechanics
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prior year
L

June August
25 20
| J

I

389 working
days
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characteristics from those who responded to the survey
and those who did not (e.g., tenure, age, race, preinter-
vention average nonproductive/productive time). The
difference between respondents and nonrespondents is
not statistically significant on any of these measures.
This alleviates concerns about nonresponse bias and the
generalizability of the findings. Table 1 shows the defini-
tions and descriptive statistics for our key variables, and
Table 2 tabulates the unconditional correlations between
them.

3.2.2. Dependent Variables. GasCo stringently tracked
individuals” time use via three standardized perfor-
mance metrics: % productive time, % support time, and %
nonproductive time (Figure 2). The mechanics each had
sole accountability for their own time allocation across
these categories, which collectively represent the entire
workday. GasCo designed the metrics to help mechan-
ics allocate more time to productive activities. Our
decision to use these time measures as performance
measures was therefore primarily driven by GasCo’s
own focus, which dovetailed with our interests.

Table 1. Dependent and Independent Variables

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, productive
en route time was calculated in light of real-time traffic
data. That is, a trip from here to there counted as 20
minutes of productive time if that was how long the
traffic data indicated such a trip should take—even if it
actually took more than 20 minutes.® Support time—
maintenance (such as vehicle or building upkeep),
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 train-
ing)—was similarly constrained.

Although mechanics generally understood how
these metrics were calculated, they did not understand
the algorithm enough to know the exact time an activ-
ity “should” take in a particular situation. Neither did
they manually tag their time to one of the three cate-
gories in the system; their daily work time was auto-
matically tracked and coded. To further prevent abuse
or gaming (see Table B.1 for qualitative evidence of

Variable Definition Mean Standard deviation Median
% Nonproductive Time A mechanic’s nonproductive hours as a 30.696 23.406 23.471
percentage of the total available working
hours.
% Productive Time A mechanic’s productive hours as a 59.125 24.360 66.112
percentage of the total available working
hours.
% Support Time A mechanic’s support hours as a percentage 10.179 16.203 4.624

of the total available working hours.
Tenure Number of years the mechanic had worked 18.521 8.281 19.000
in the company at the start of the

intervention.
Age The mechanic’s age (in years) at the 47.206 8.183 50.000
beginning of the intervention.
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 24.164 4.007 24.000

supervisor support (Q22-Q27 in

Appendix C).
Social Comparison Orientation

Sum of the scores for questions on social 35.193 7.653 37.000

comparison orientation (Q11-Q21 in

Appendix C).
Intrinsic Motivation

Sum of the scores for questions on intrinsic 16.527 2.362 16.000

motivation (Q6-Q10 in Appendix C).

Extrinsic Motivation

Sum of the scores for questions on extrinsic 14.809 2.381 15.000

motivation (Q1-Q5 in Appendix C).

Prior Performance (Nonproductive)
pre-intervention period.
Prior Performance (Productive)
pre-intervention period.
Prior Performance (Support)
pre-intervention period.
Self-evaluation

The average % Nonproductive Time in the 30.643 12.555 28.642
The average % Productive Time in the 59.554 12.392 62.942
The average % Support Time in the 9.802 5.858 9.022

The self-reported percentile of the 67.331 31.705 81.890

pre-intervention performance on %
Productive Time (Q28 in the Appendix C).

Note. n=11,120.
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Table 2. Correlations

Variable 1 2 3 4 5 6 7 8 9 10 11 12 13 14
1. % Nonproductive Time  1.000

2. % Productive Time —0.771  1.000

3. % Support Time —0.286 —0.0390 1.000

4. Tenure —0.003 —0.042 0.068  1.000

5. Age 0.040 —0.029 —0.015 0.706 1.000

6. White 0.074 —0.138 0.100 0.031 —0.297 1.000

7. Supervisor Support —0.052  0.035 0.022 —-0.187 —0.222 0.113  1.000

8. Social Comparison 0.026 0.029 —0.082 —0.180 —0.049 —0.059 0.482 1.000

Orientation
9. Intrinsic Motivation —0.003 —0.072 0.113 0.037 —0.124
10. Extrinsic Motivation 0.024 —0.036 0.020 —0.113 —0.067

11. Prior Performance 0.537 —0.447 —0.104 0.008  0.102
(Nonproductive)

12. Prior Performance —0.477 0.508 —0.075 —0.079 —0.070
(Productive)

13. Prior Performance —0.143 —0.116 0.380 0.152 —0.069
(Support)

14. Self-evaluation -0.117  0.054 0.088 —0.191 —0.088

—0.160 0.104 0.022 0.165 0.099 —0.204

—0.055 0.410 0.305 1.000
—-0.139 0.401 0.580 0.593 1.000

0.133 —0.102 0.069 0.003 0.041 1.000

—0.256  0.094 0.042 —0.141 —0.065 —0.890 1.000

0.255 0.020 —0.236 0.291  0.051 —0.261 —0.208 1.000

0.115 0.193 1.000

Notes. N =11,120. All correlations in bold are significant at p < 0.01.

the low likelihood of gaming), time allocation and
activity records were audited. Indeed, one reason
GasCo thought more transparent data might be bene-
ficial for the company was that it might reduce the
possibility of future abuse by increasing the number
of eyeballs on the data.

All three GasCo performance metrics—% productive
time, % support time, and % nonproductive time—
were in use long before our study, as was the auto-
mated system that tracked them; the study was solely
focused on the effects of making the resulting perfor-
mance data transparent to mechanics. In our empirical
analysis, % nonproductive time, % productive time, and %
support time are the dependent variables. Throughout
the period of our study, there was enough demand for
both productive and support activities to keep all
mechanics busy 100% 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%, the average % productive
time is 59.1%, and the average % support time is 10.2%.
Standard deviation values suggest considerable varia-
tion in these dependent variables.

3.2.3. Moderating and Control Variables. To examine
moderating variables, we administered a pre-experimental
survey (Appendix C) to all the mechanics in our sample.
To measure perceived supervisor support, like Eisen-
berger et al. (2002) and Shanock and Eisenberger (2006),
we used a six-item instrument (Q22-Q27 in Appendix C).
Consistent with that instrument’s design and previous
use, our metric 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.

To measure social comparison orientation, we asked
the mechanics to complete the Iowa-Netherlands
Comparison Orientation Measure (Gibbons and Buunk
1999, Buunk and Gibbons 2007). Consistent with that
well-established scale’s design and previous use, our
metric for social comparison orientation is the sum
of the scores from each relevant survey question
(Q11-Q21 in Appendix C), adjusted for reverse coding.
Cronbach’s alpha for these questions is 0.8824.

To measure intrinsic and extrinsic motivation, in
accordance with prior scholarship (for a review, see
Mayer et al. (2007)), we used the standard five-item
instrument for intrinsic motivation and five-item instru-
ment for extrinsic motivation from the Work Preference
Inventory (WPI), a well-established and highly cited
instrument for measuring motivation at work (Amabile
etal. 1994, Fischer et al. 2019). Although we have no rea-
son to expect that intrinsic and extrinsic motivation will
operate orthogonally in our context (as opposed to like
two ends of a spectrum), we measure and analyze them
separately to allow for that possibility. We think it is
important to do so given that the original WPI results
showed them to be largely orthogonal (Amabile et al.
1994, p. 958) and that many studies since—including
those drawing on the WPI (Choi 2004, Prabhu et al.
2008, Abuhamdeh and Csikszentmihalyi 2009, Robin-
son et al. 2014), those using other integrated scales
(Guay et al. (2000), Situational Motivational Scale; Trem-
blay et al. (2009) (Work Extrinsic and Intrinsic Motiva-
tional Scale); Gagne et al. (2010) (Motivation at Work
Scale)), and those using entirely distinct instruments
(Ashkanani et al. 2022, Roberts et al. 2006)—have largely
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measured and analyzed intrinsic and extrinsic motiva-
tion separately on the view that they may be orthogonal
(Cameron and Pierce 1994, 1996; Lepper and Hender-
long 2000) or even positively correlated (Hennessey et al.
1989, Hennessey and Zbikowski 1993) in some contexts.
Our metric for intrinsic motivation is the sum of the
scores from the five survey questions related to
it (Q6-Q10 in Appendix C), whereas the metric for
extrinsic motivation is the sum of the scores from the
five questions related to it (Q1-Q5 in Appendix C),
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 control for past performance in all regressions,
because people with different “starting points” in per-
formance are likely to respond differently to any inter-
vention 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 trig-
gered either by actual past performance or by self-
assessed past performance (Northcraft and Ashford
1990), we incorporate both as controls.” Our measure
of a mechanic’s actual past performance comes from
archival data (averaged over the preintervention
period) on % nonproductive time, % productive time,
and % support time. Our measure of self-assessed past
performance comes from a survey question (Q28 in
Appendix C). We standardized the responses on a
scale of 0 to 100. By pairing a mechanic’s response
with actual preintervention performance, we could
control for past performance, both actual and per-
ceived (self-assessed) (Meyer 1995). We also incorpo-
rate demographic control variables—tenure, age, and
race—based on GasCo’s internal records (on average,
mechanics had 18.5 years of tenure and were 47.2 years
old, and ~55% were White).

From Table 1, we see that % productive time is nega-
tively correlated with tenure and age and, conversely,
% nonproductive time is positively correlated with ten-
ure and age (suggesting a decrease in productive
efforts with the increase of seniority). We also see that
% productive time is positively correlated with perceived
supervisor support and self-evaluation. We control for
all these variables or individual fixed effects in our
regressions. Although we do not explicitly control for
work quality, GasCo did 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.

3.2.4. Participant Observation. To gather qualitative
evidence and understand how mechanics and super-
visors felt about the intervention, we arranged for

one research assistant to be embedded into the work-
force 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 funda-
mentals of participant-observation. For a week, he
rode, worked, ate, and hung out with other mechan-
ics as a typical apprentice, rotating among work cen-
ters. His notetaking was not seen as unusual but
rather as typical for an apprentice. Because mechan-
ics spend so much time driving, there is a lot of time
for casual conversation; the newly disclosed trans-
parent performance data were a natural and frequent
topic in the treatment work centers. This qualitative
evidence, coded by the research question and mod-
erators examined, 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.

3.3. 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 treat-
ment units relative to control units during the same
period. Our model is

Yit = a + (B, x Treatment;) + (B, X Post;)
+ (B3 X (Treatmenty X Posty)) + > Controls + &

or

Yit = a + (B, X Posty) + (B X (Treatment; X Post;))
+ Individual Fixed Effects + ¢,

where Yj; is the performance metric at the employ-
ee(i)-workday(t) level, Treatment; is an indicator vari-
able that equals one if the employee worked in one of
the work centers in the treatment group, and Post;; is
an indicator variable that equals one if the date was
on or after June 25, when the intervention began. The
main estimation uses ordinary least squares (OLS)
regressions. Consistent 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 f3 when Yj; is the negative productiv-
ity indicator, % nonproductive time, and a positive and
significant f3 when Y;; is the positive productivity
indicator, % productive time. In testing the average
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Figure 3. Visualization of Treatment Effects
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treatment effect, we ran two specifications: one
including as Controls all the available employee-level
control measures (Tenure, Age, Supervisor Support, etc.)
and 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 (indi-
vidual fixed effects).
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4. Results

4.1. How Does Partial Disintermediation of
Supervisors via Transparent Performance
Data Affect Front-Line Performance?

Table 3 shows the main regression results with and

without individual fixed effects. Columns 1 and 4 use

% mnonproductive time as the dependent variable, col-

umns 2 and 5 use % productive time, and columns 3 and

6 use % support time. The coefficient on Treat X Post is
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Table 3. Does Access to Transparent Performance Data Improve Performance?
1) % 2) % 3) % 4) % 5) % 6) %
nonproductive productive support nonproductive productive support
time time time time time time
Treat x Post —3.410* 2.846 0.576 —3.397% 2.697 0.700
(0.013) (0.412) (0.826) (0.010) (0.438) (0.792)
Treat 0.299 —0.081 —0.146
(0.232) (0.728) (0.409)
Post 1.264 —3.528*** 2267 1.349 —3.589*** 2.240°
(0.250) (0.000) (0.096) (0.229) (0.000) (0.089)
Tenure 0.023 —0.048* 0.022
(0.214) (0.033) (0.206)
Age —0.061* 0.037 0.022*
(0.019) (0.187) (0.037)
White —0.326 —-0.071 0.218
(0.404) (0.865) (0.230)
Supervisor Support 0.076 —0.148" 0.076*
(0.361) (0.087) (0.010)
Social Comparison —0.072" 0.070* 0.013
(0.069) (0.011) (0.633)
Intrinsic Motivation —0.165* 0.152" —0.028
(0.047) (0.058) (0.717)
Extrinsic Motivation 0.182" —0.135 —0.054
(0.054) (0.119) (0.699)
Prior Performance (Nonproductive) 1.005%**
(0.000)
Prior Performance (Productive) 0.999***
(0.000)
Prior Performance (Support) 1.044***
(0.000)
Self-evaluation —0.007" —0.004 0.010*
(0.086) (0.343) (0.023)
Individual fixed effects? No No No Yes Yes Yes
Observations 11,120 11,120 11,120 11,120 11,120 11,120
Adjust R? 0.29 0.26 0.15 0.29 0.26 0.15

Notes. This table reports OLS regression results of % nonproductive time (columns 1 and 4), % productive time (columns 2 and 5), and % support
time (columns 3 and 6) on a treatment indicator (Treat), a postintervention indicator (Post), an interaction of the two variables (Treat X Post), and
other controls. In columns 4, 5 and 6, 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 p-values are reported in parentheses.

*p < 0.1;*p < 0.05; **p < 0.01; **p < 0.001.

the estimated treatment effect of the intervention on
the performance metric. The negative coefficients on
this interaction term in columns 1 (§ = —3.41, p = 0.013)
and 4 (f = —3.397, p = 0.010) indicate a negative treat-
ment 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 preintervention mean value,
the results in column 4 indicate an 11% decrease in %
nonproductive time, suggesting that access to transparent
performance data previously available only to supervi-
sors improved performance. Mechanics felt they got
“the same information as before” (M5) but generally
agreed that “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” (M2).” Table B.1 provides

more qualitative evidence on how mechanics and super-
visors reacted to the intervention.

Columns 2 and 5 of Table 3, however, present an
important caveat to the improved performance. Com-
paring columns 1 and 4 with 2 and 5, the treatment
effect on nonproductive time is greater than that on pro-
ductive time, in both magnitude and statistical signifi-
cance; mechanics focused on reducing nonproductive
time and 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, on average, a
greater behavioral shift toward avoiding nonproductive
behaviors than toward approaching strictly productive
behaviors. As perceived by the mechanics and captured
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by the participant-observer, it made almost all 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” (M4) and to “conform, not excel” (M16). As one
explained, “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” (M3). Table B.1 provides
more qualitative evidence. Other research has shown
that motivation to conform and comply differs from
motivation to excel (Cialdini and Trost 1998), and in our
study, the substitution of transparent performance data
for supervisor-intermediated traditional performance
feedback seemed to favor the former source of motiva-
tion for the average worker.

To check the quality of our intervention—that is, to
confirm that access to transparent performance data
and not something unrelated drove the results—we
obtained the number of views of the scorecards for
each treatment site. Across the four sites, the average
employee accessed the report at least once every three
days and some far more frequently. Sites whose
mechanics accessed the report more often had the
greater improvement (in reducing nonproductive time
and increasing productive time), suggesting that it was,
indeed, transparent performance data that drove the
effects (see Appendix D for the additional analyses).

Table 4. Moderating Role of Supervisor Support

4.2. Moderating Role of Supervisor Quality
(Vertical Relational Moderator)

To investigate the role of supervisor quality, we mea-
sured it with perceived supervisor support (from the
pre-experimental survey) and ran the baseline regres-
sions, following the precedent set by prior studies by
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 and those who reported it (b) below
the median; these groups are labeled “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 after receiving access to transparent per-
formance data. We find treatment effects of greater
magnitude and statistical significance for both % non-
productive time and % productive time for those who per-
ceived low supervisor support, suggesting that access
to transparent performance data could serve as a substi-
tute for “bad” supervisors. The treatment effects on %
support time are statistically insignificant at the 5% level
in both subsamples (5 = 1.468, p = 0.631 and § = —4.080,
p = 0.063). Compared with the preintervention mean
values, we see a 16.27% decrease in % nonproductive time
(p = —5.298, p = 0.023) and a 16.07% increase in % pro-
ductive time (8 = 9.377, p < 0.001) for the low-supervisor-
support subsample. Calculating the z-statistics that com-
pare the coefficients on Treat X Post between columns 3
and 4 (Stock and Watson 2003, Dunn et al. 2012), the dif-
ference in treatment effects for % productive time between
the high- and low-supervisor-support subsamples is

1) % (2 % (3) % 4) % (5) % (6) %
nonproductive nonproductive productive productive support support
time - high time - low time - high time - low time - high time - low
supervisor supervisor supervisor supervisor supervisor supervisor
support support support support support support
Treat x Post —2258 z=-1.34 —5.298* 0.790 z=2.01*  9.377%* 1.468 —4.080°
(0.126) (0.023) (0.850) (0.000) (0.631) (0.063)
Post -0.278 3.004* —3.537* —3.670** 3.258* 0.666
(0.832) (0.038) (0.038) (0.004) (0.024) (0.725)
Individual fixed Yes Yes Yes Yes Yes Yes
effects?
Observations 7,159 3,961 7,159 3,961 7,159 3,961
Adjusted R* 0.24 0.36 0.24 0.31 0.24 0.31

Notes. This table reports OLS regression results of % nonproductive time (columns 1 and 2), % productive time (columns 3 and 4), and % support
time (columns 5 and 6) on a postintervention 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 2. Standard errors are clustered at the work-
center level and p-values are reported in parentheses. Comparing the coefficients on Treat X Post between columns 1 and 2 yields a z-statistic of
—1.34; between columns 3 and 4, a z-statistic of 2.01; and between columns 5 and 6, a z-statistics of 1.59.

*p < 0.1;*p < 0.05; **p < 0.01; **p < 0.001.
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statistically significant at the 5% level. Our participant-
observer heard one mechanic say that he liked the fact
that “low-performers can approach high-performers”
(M10)—knowing now who they were—to learn how to
improve if they “didn’t have a good supervisor” (M10).
Employees with less supervisor support improved more
“because mechanics can support each other directly”
(M8), whereas, for those employees, discussions
with their supervisors had been just “check-the-box
exercises” (M6) and “a total waste of time” (M6). Table
B.1 provides more qualitative evidence for how mechan-
ics 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 employ-
ees refer to supervisors who “everyone knows played
favorites” (PO), whereas transparent performance data
were described as “just about the work” and a “reality
check that I can trust” (PO). Although supervisors over-
all received strong ratings, mechanics who worked for
the less-supportive ones benefited more when those
supervisors were partially disintermediated by trans-
parent performance data.

4.3. Moderating Role of Social Comparison
Orientation (Horizontal Relational Moderator)
We also ran the baseline regressions on social compari-
son orientation, splitting the sample into those who
reported it (a) greater than or equal to the sample
median and those who reported it (b) below the median;
these groups are labeled “High Social Comparison” and
“Low Social Comparison” in Table 5. This analysis
examines whether mechanics who have higher social

Table 5. Moderating Role of Social Comparison Orientation

comparison orientation (and hence are more influenced
by relative performance information) showed more per-
formance improvement after receiving access to perfor-
mance data. The treatment effect on % nonproductive
time is larger in magnitude for the subsample with low
social comparison orientation (f = —5.526, p = 0.005),
and the difference in the treatment effects between the
two subsamples (columns 1 and 2) is statistically insig-
nificant, inconsistent with relative performance informa-
tion being the driving force behind this main effect.
The treatment effect on % productive time is larger in
magnitude for the high-social-comparison-orientation
subsample, but the treatment effects on both subsamples
are statistically insignificant (8 = 4.829, p = 0.183 and
B=2506, p=0.645, respectively), and the difference
between the two subsamples (columns 3 and 4) is statis-
tically insignificant. Treatment effects on support time
are insignificant in both subsamples (f=-2.280, p =
0.414 and p = 3.020, p = 0.503, respectively) and not
significantly different across the subsamples. We there-
fore cannot assign social comparison orientation a sig-
nificant moderating role in the effect of transparent data
on performance—that is, it is not a main mechanism
through which transparent data affected performance.
There are several possible explanations for these
mixed and inconclusive results related to social compar-
ison. In real work environments (as opposed to a labora-
tory setting), it is 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 person with a greater social comparison
orientation would more frequently seek out such infor-
mal information already, the effect of providing it

1) % () % (3) % 4) % (5) % (6) %
nonproductive non productive productive productive support support
time - high time - low time - high time - low time - high time - low
social social social social social social
comparison comparison comparison comparison comparison comparison
Treat X Post —2549 z=-128 —5.526** 4829 z=037 2.506 —2.280 z=-1.05 3.020
(0.204) (0.005) (0.183) (0.645) (0.414) (0.503)
Post —0.302 3.970* —2.446* —5.403* 2.748 1.434
(0.814) (0.023) (0.041) (0.021) (0.136) (0.168)
Individual fixed Yes Yes Yes Yes Yes Yes
effects?
Observations 5,909 5,211 5,909 5,211 5,909 5,211
Adjusted R? 0.29 0.29 0.26 0.26 0.10 0.19

Notes. This table reports OLS regression results of % nonproductive time (columns 1 and 2), % productive time (columns 3 and 4), and % support
time (columns 5 and 6) on a postintervention 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 2. Standard errors are clustered at the work-
center level and p-values are reported in parentheses. Comparing the coefficients on Treat X Post between columns 1 and 2 yields a z-statistic of
—1.28; between columns 3 and 4, a z-statistic of 0.37; and between columns 5 and 6, a z-statistics of —1.05.

*p < 0.1;%p < 0.05; *p < 0.01; **p < 0.001.
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formally could be smaller. Another possibility is that
heightened social comparison could lead to negative
psychological consequences such as diminished trust in
coworkers (Dunn et al. 2012), discouragement (Beshears
et al. 2015), and unproductive behaviors. In any case, the
results in Table 5—and the qualitative data (Table B.1)
that implies, at most, unsystematic interactions between
mechanics to collaborate on improvements but little
more—suggests that the main effect of our intervention
is unlikely to be primarily driven by greater access to rel-
ative performance information.

4.4. Moderating Role of Work Motivation Type
(Relational vs. Self-Moderator)

We also ran the baseline regressions for intrinsic moti-
vation, splitting the sample into those who reported
intrinsic motivation that was (a) greater than or equal
to the sample median and those who reported it (b)
below the median; these groups are labeled “High
Intrinsic Motivation” and “Low Intrinsic Motivation”
in Table 6. This analysis examines whether mechanics
with lower intrinsic motivation for work showed more
performance improvement after receiving 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 had low intrinsic
motivation, suggesting that access to transparent per-
formance data could serve as a substitute for intrinsic
motivation. As one supervisor observed, “Even though
I would talk to [mechanics] about it when there was
something concerning in my daily reports, now that
they can access it directly, [those mechanics] seem
to take it more seriously.” (56) Compared with the

Table 6. Moderating Role of Intrinsic Motivation

preintervention mean values, we see a 21.28% decrease
in % Nnonproductive time (f = —6.711, p < 0.001) and a
13.85% increase in % productive time ( = 8.303, p =
0.003) for the low-intrinsic-motivation subsample.
Treatment effects on % support time are statistically
insignificant in both subsamples (8 = 2.652, p = 0.418
and ff = —1.592, p = 0.417, respectively). Using z-statis-
tics to compare coefficients on Treat X Post between
columns 1 and 2 (Stock and Watson 2003), the differ-
ence in treatment effects for % nonproductive time
between the high- and low-intrinsic-motivation sub-
samples is statistically significant at the 1% level. The
difference in treatment effects for % productive time
between these two subsamples is statistically signifi-
cant at the 5% level. We emphasize that these differ-
ences stem from the improvements in the subsample
with low intrinsic motivation (columns 2 and 4) and
not from a deterioration of performance in the subsam-
ple with high intrinsic motivation (columns 1 and 3).
We ran the baseline regressions for extrinsic motiva-
tion, as well, splitting the sample into those who
reported extrinsic motivation that was (a) greater than
or equal to the sample median and those who reported
it (b) below the median; these groups are labeled “High
Extrinsic Motivation” and “Low Extrinsic Motivation”
in Table 7. This analysis examines whether mechanics
with higher extrinsic work motivation showed more
performance improvement after receiving access to
transparent performance data. We find larger treatment
effects for both % nonproductive time and % productive
time for those who had high extrinsic motivation. Com-
pared with the preintervention mean values, we see
a 15.20% decrease in % nonproductive time (f = —4.579,
p = 0.011) and a 13.32% increase in % productive time

1) % (2) % 3) % (4) % (5) % 6) %
nonproductive nonproductive productive productive support support
time - high time - low time - high time - low time - high time - low
intrinsic intrinsic intrinsic intrinsic intrinsic intrinsic
motivation motivation motivation motivation motivation motivation
Treat X Post —0.649 z = —3.13* —6.711*** —2.003 8.303** 2652 z=117 —-1.592
(0.710) (0.000) (0.654) (0.003) (0.418) (0.417)
Post 0.624 2.258 —3.287* —3.968** 2.663" 1.710
(0.666) (0.061) (0.013) (0.002) (0.061) (0.280)
Individual fixed Yes Yes Yes Yes Yes Yes
effects?
Observations 6,050 5,070 6,050 5,070 6,050 5,070
Adjusted R* 0.25 0.34 0.23 0.31 0.15 0.15

Notes. This table reports OLS regression results of % nonproductive time (columns 1 and 2), % productive time (columns 3 and 4), and % support
time (columns 5 and 6) on a postintervention 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 2. Standard errors are clustered at the work-center level,
and p-values are reported in parentheses. Comparing the coefficients on Treat x Post between columns 1 and 2 yields a z-statistic of —3.13;

between columns 3 and 4, a z-statistic of 2.14; and between columns 5 and 6, a z-statistic of 1.17.

*p < 0.1;*p < 0.05; *p < 0.01; **p < 0.001.
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Table 7. Moderating Role of Extrinsic Motivation
1) % 2) % 3) % 4) % (5) % 6) %
nonproductive nonproductive productive productive support support
time - high time - low time - high time - low time - high time - low
extrinsic extrinsic extrinsic extrinsic extrinsic extrinsic
motivation motivation motivation motivation motivation motivation
Treat X Post —4.579* z=-1.01 —2.858* 7.875*** z =175 —0.754 —3.296" z = —1.49 3.612
(0.011) (0.011) (0.000) (0.878) (0.082) (0.425)
Post 1.134 1.682" —3.822%* —3.227** 2.688 1.545
(0.481) (0.063) (0.003) (0.004) (0.115) (0/158)
Individual Yes Yes Yes Yes Yes Yes
fixed effects?
Observations 6,054 5,066 6,054 5,066 6,054 5,066
Adjusted R? 0.25 0.34 0.26 0.36 0.15 0.15

Notes. This table reports OLS regression results of % nonproductive time (columns 1 and 2), % productive time (columns 3 and 4), and % support
time (columns 5 and 6) on a postintervention 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 2. Standard errors are clustered at the work-center level,
and p-values are reported in parentheses. Comparing the coefficients on Treat x Post between columns 1 and 2 yields a z-statistic of —1.01;

between columns 3 and 4, a z-statistic of 1.75; and between columns 5 and 6, a z-statistic of —1.49.

*p < 0.1;*p < 0.05; **p < 0.01; **p < 0.001.

(B =7.895, p < 0.001) for the high-extrinsic-motivation
subsample. Treatment effects on % support time are sta-
tistically insignificant at the 5% level in both subsam-
ples (B = —3.296, p = 0.082 and B = 3.612, p = 0.425,
respectively). Calculating the z-statistics that compare
the coefficients on Treat X Post 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 10% level. However, the difference in
treatment effects for % nonproductive time between
these two subsamples is statistically insignificant. This
is unsurprising given that both subsamples signifi-
cantly reduced nonproductive time (columns 1 and 2),
whereas only the subsample with higher extrinsic
motivation (column 3) significantly increased produc-
tive time.

4.5. 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 some regressions, in the
significant coefficient on our time variable, Post. In part
to account for seasonality, we requested a much longer
time series of preintervention performance data and
reran the regressions using month fixed effects. The
results were similar. Second, because our dependent
variables—% nonproductive time, % productive time, and
% support time—are correlated, the error terms in the
two regressions are correlated. Correlated dependent
variables do not cause bias in the estimation of coeffi-
cients, 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. Fourth, a
mechanic’s daily performance data are correlated with
past performance. In our reported analysis, we con-
trolled for preintervention performance (actual and self-
assessed) and clustered standard errors by work loca-
tion (to account for the correlation among all mechanics’
performance data within the same work location, as
employees in the same location receive the same treat-
ment condition and may influence each other’s perfor-
mance). As a robustness check, we instead ran the
regressions clustering standard errors by individual and
without the self-assessed performance variable. In both
cases, results were similar.

5. Conclusion

Our goal in this study was to examine how providing
employees with direct digital access to performance data
previously available only to supervisors affects front-line
results. In a field experiment in a large U.S. service orga-
nization, our findings indicate that, on average, partially
disintermediating supervisors through data transpar-
ency does improve employee performance. Yet there are
two important nuances to note. First, access to the data
did not encourage an overall increase in the “best” (pro-
ductive) behaviors as much as it encouraged avoidance
of the “worst” (unproductive) ones—In short, it trig-
gered, on average, more avoidance than approach
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behaviors (Roth and Cohen 1986, Elliot and Church
1997, Elliot and Thrash 2002). Second, access produced
significant performance improvements primarily for cer-
tain employee subsamples—those who perceived their
supervisors as less supportive, those with low intrinsic
motivation, and those with high extrinsic motivation—
with implications for how we conceptualize technology-
delivered versus supervisor-intermediated performance
feedback. Our study highlights the impact of those
relational moderators on performance, extending the
application of FIT (traditionally used to explain the
circumstances under which supervisor-intermediated
feedback becomes more effective) to settings where
supervisors serve as “apomediaries” rather than gate-
keepers. In so doing, it also suggests—perhaps—that the
channel of data delivery (computer or human) may
more generally affect how FIT findings ought to be
applied.

We identify a causal relationship between data
transparency and employee performance using a field
experiment. However, as in any field experiment of
this complexity, identifying causal relationships comes
at a cost. The single U.S. setting, single-period inter-
vention, single-profession subject pool, and relatively
independent work, although enhancing the reliability
of our analyses, also restrict the broader generalizabil-
ity of our findings. Therefore, it is important to under-
stand the boundaries of our results. Future field research
can extend our study by exploring how performance
effects—and especially the relevant moderators—might
change in other organizational cultures, in other profes-
sions, in settings with more interdependent work, or in
environments where “good,” “bad,” and “neutral”
uses of time are defined differently. Furthermore, labo-
ratory research is well positioned to more generally
explore, beyond our field context, whether providing
direct access to performance data enhances avoidance
motives, without a countervailing effect on approach
motives. In addition, future studies can investigate
other moderators that might make the direct-access
intervention more successful, such as how supervisors
are trained to give feedback in the new system and ways

they can help the traditional and new systems work
well together. Researchers can also identify and examine
particular “value-adding” roles that supervisors-as-
apomediaries might play in the feedback process.

Harkening back to the time-use studies of scientific
management, our main result prompts us to wonder if
this emerging managerial approach—giving workers
direct access to performance data rather than aggregat-
ing, filtering, and framing it first—improves outcomes
as much as organizations expect. We also wonder what
other types of employees (beyond the front-line employ-
ees we studied) might benefit from data transparency
versus manager-intermediated feedback. Especially in
the wake of the COVID-19 pandemic, when a fast transi-
tion 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 rea-
son to pause and question how this shift in approach
might be affecting differently situated employees differ-
ently. Our field experiment shows that performance
benefits depend on how supportive the supervisor
already is, on the employee’s motivation type, and on
whether the measured activities are productive (bill-
able), nonproductive (nonbillable), or support (future-
investment-related) tasks. The first result suggests one
mechanism triggered by partial disintermediation of
supervisors: when employees value the data source
more than they value the middleman (but not vice
versa), performance improves. The second and third
results suggest a second mechanism: When employees
can manage their motivation type better than interme-
diating supervisors can filter for it, they can make better
decisions about where to spend their time, and perfor-
mance improves. In short, 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
emerge as desired without taking into account idiosyn-
cratic differences in employees, in supervisor-employee
relationships, and in the types of performance data
being shared.
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Appendix B.

Table B.1. Illustrative Qualitative Data (from Participant-Observation) Capturing the Reactions from Mechanics and
Supervisors in the Treatment Group to Providing Employees with Transparent Performance Data

Category

Subcategory

Illustrative quotes

Context

Context

Moderators

General responses to intervention

Comments on gaming the system
(prompted by participant-observer
questions about if it’s possible)

Supervisor quality /support

“We still have the same conversations with [supervisor name] as before. Now
that we have the reports, we can skip the reveal and go right to planning...
but we still talk about it. Nothing has really changed, you know....” (M4)

“I get the same information as before. No big deal, these reports. It’s like
choosing between a self-service and full-service gas station (laughs).... To be
honest, I think [my supervisor] probably shared all this [points at the
dashboard] with us in our daily meetings. But sure I prefer having direct
access to it. I like knowing what he sees.” (M5)

“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.” (M1)

“I finally know what management sees about me! Now I understand some of
the feedback I've gotten in the past.” (M7)

“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.” (M2)

“The dashboards—those numbers aren’t usually any surprise. We all know
how we are doing.” (M9)

“Nothing has changed with the dashboards. They all get the same information
as before. [The dashboards] are just a different format.” (S2)

“The system can’t really be gamed. It’s all automatically recorded and stuff.
Maybe that’s why they are doing this dashboard thing-to make it more
visible to us?” (M4)

“[GasCo] worked with us [the union] to design a system that could not be
gamed—by us or by them.... Everything is automatic.” (M16 / a union
leader)

“The guys know the numbers are the numbers. I mean, corporate did a solid
job at making sure the system is not gameable. I was at a company before
where you could play the system, but not here...” (S3)

“You know, you can’t play with the numbers... bad numbers, bad day; good
day, good numbers.” (S4)

“I still ask [my supervisor] about the dashboards, so I still learn from her advice.
But this is better-it is good for us to click in and see it like she does.” (M9)

“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.”
(M11)

“If some work a certain way—Tlike, 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.” (M14)

“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.” (M12)

I guess sometimes I didn’t know when people had a bad day, and now I can. I can
go up to [fellow mechanic’s name] and be like, “‘what happened yesterday?” And
sometimes I can even help....” (M1)

“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.” (M10)
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Table B.1. (Continued)

Category Subcategory

Ilustrative quotes

Moderators ~ Social comparison
orientation/avoidance vs. approach

Moderators  Intrinsic vs. Extrinsic Motivation

“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].” (M6)

“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.”
(M8)

“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.” (S4)

“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....” (M3)

“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.”
(M4)

“When I see all those numbers... I check them just to make sure I'm ok, I'm not
falling behind .... We all want to do well, of course, but... well, you know,
you just don’t want to look like you're slacking off or having troubles or
stuff like that.” (M4)

“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.”
(M16)

[Participant Observer asks how to use the dashboards] “Those... I just glance at
them to make sure I'm ok and not screwing up... they’re nice to have, but we
talk about how things are going later with [supervisor| and the others, so the
reports are just a f-up check.” (M7)

“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.” (52)

“A couple of the mechanics seem to talk about nonproductive time now that
we have those new reports [dashboards].” (S6)

“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.” (M12)

“Yeah, we're on the road a lot, but we all—you know—work together to help
the customers. Gas is important. So we work hard.” (M9)

“I guess I want to avoid being noticed for being too far below others.” (M4)

“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.” (M3)

“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.” (S3)

“Even though I would talk to them about it when there was something
concerning in my daily reports, now that they can access it directly, [those
mechanics] seem to take it more seriously.” (S6)

“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.” (S8)
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Appendix C. Pre-experimental Survey of Mechanics

On a scale of 14 (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
Q2. I want other people to find out how good I really can be at my work
Q3. To me, success means doing better than other people

Q4. T am keenly aware of the promotion goals I have for myself

Q5. I am keenly aware of the income goals I have for myself

Q6. I enjoy tackling problems that are completely new to me

Q7. I enjoy trying to solve complex problems

Q8. The more difficult the problem, the more I enjoy trying to solve it

Q9. What matters most to me is enjoying what I do

Q10. It is important for me to be able to do what I most enjoy

—_ e e e e e e e e
SIS ISR SIS E S S E S S S
W W W W W W W www
B I i i e

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
Q14. T often compare how I am doing socially (e.g., social skills, popularity) with other

1 2 3 4 5
people
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 T 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
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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Table D.1. Variations in Treatment Effects Based on Access Frequency

More views

Fewer views

Nonproductive time Productive time

Support time Nonproductive time Productive time Support time

Treat X Post —3.853** 7.224**
Post 1.349 —3.589***
Individual fixed effects Yes Yes
Observations 9,855 9,855
Adj. R? 0.303 0.276

-3.371 —2.743* —3.802 6.544
2.240 1.3486 —3.589%** 2.240
Yes Yes Yes Yes

9,855 9,366 9,366 9,366
0.156 0.330 0.298 0.163

Notes. This table reports OLS regression results of % Nonproductive Time (Columns 1 and 4), % Productive Time (Columns 2 and 5), and % Support
Time (Columns 3 and 6) on a postintervention indicator (Post) and an interaction of the two variables (Treat x Post). Treat is absorbed by
individual fixed effects and not reported. All variables are defined in Table 1. Standard errors are clustered at the work-center level.

*p < 0.05; p < 0.01; **p < 0.001.

Appendix D. Variations in Treatment Effects
Based on Access Frequency
to Scorecards

At some treatment centers, more employees paid attention
to the scorecards; at others, fewer did so. To estimate treat-
ment effects for these two subsamples, in the table below,
we divide the total number of treatment work centers into
those with more views (>175 over 65 days) and those with
fewer views. We find greater effects on reducing nonpro-
ductive time and increasing productive time, both in mag-
nitude and statistical significance, in the subsample with
more views. The fact that employees who were more likely
to view the scorecards ended up experiencing stronger
treatment effects is encouraging, as it suggests that the
observed changes in behavior were driven by direct data
access rather than other concurrent/confounding factors.
Furthermore, these results suggest that it is appropriate to
focus on our main sample of employees (those who
responded to the pre-intervention survey) as they had a
stronger intent to view the performance data. The survey
and the report cards both required employees to pay
attention to their emails and log into their corporate
account. Those who responded to the survey were hence
much more likely to view their report cards.

Although this set of results yields interesting insights
into the average treatment effects, we only include it here
as an additional analysis, because the measure for access
frequency is at the work center level, not the individual
level (our unit of analysis in the study), and viewing the
scorecard was a self-selected behavior. Caution therefore
needs to be applied to the interpretation of these results.

Endnotes

! In our setting, like many professional settings, an employee’s time
during a workday is automatically measured and tracked in three
categories: productive time (spent on revenue-generating activities),
support time (spent on work activities that do not directly generate
revenue), and nonproductive time (spent on non-work activities).
An employee has considerable control over how to allocate time
across the three categories (without targets), as more revenue-
generating tasks can always be allocated from the queue of cus-
tomer requests to whomever is ready to take on more work. See
Dependent Variables in the Methods section for more detail.

2 The company, in close partnership with the unions, had designed
all the metrics to be automatically tracked both to reduce the bur-
den of collecting the data (i.e., no self-reporting) and to minimize
the possibility of gaming.

3 We borrow the notion that traditional managers are intermediaries
from the seminal work of Chandler (1977) on the emergence of man-
agerialism 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” (p. 214), replacing
them with internal middlemen who served the same “administrator”
functions (Simon 1947, pp. 39, 326). Across the widely divergent aca-
demic disciplines that have found value in studying intermediation,
the three common functions through which intermediaries generate
and derive value for their clients are strikingly consistent (Spulber
1999): (1) economies of scale and scope—the intermediary, by aggre-
gating supply and demand, reduces transaction costs and pools/
diversifies risk over time; (2) coordination economies—the intermedi-
ary, by filtering for fit (“matching”) between supply and demand, is
recognized as a central, expert place of exchange, thus reducing costs
of search and supporting commitment through reliable monitoring
and delegation (Chan 1983); and (3) longevity and incentives to build
reputation—the intermediary, by framing each interaction as long-
term and repeated, is recognized as credible by both sides (Diamond
1984), thus enabling it to certify quality (alleviating adverse selection)
and make commitments worthy of reliance (mitigating moral haz-
ard). In this paper, we adapt these three functions to the context of
supervisor-employee relationships.

* 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 imple-
mented this “pilot program” (the intervention). We compared key
employee characteristics between the treatment and control groups
and found no differences of statistical and economic significance in
age, gender, or race. We did find differences in tenure and preinter-
vention performance metrics (those in the treatment group were
about 1.5 years less experienced on average, had about 7.5% less
nonproductive time, and 7% more productive time). As a result, we
explicitly control for these individual differences in our empirical
models.

5 For qualitative evidence of these conversations in the treatment
group, see Table B.1; for the control group, with whom we had less
interaction, one mechanic told our participant-observer in a passing
conversation: “We get feedback once or twice a day from our
bosses ... when we are all in the [work center] ... at lunch, at the end
of the day, sometimes before we start our shift the next day. They
know how we did and share that with us. [Participant-Observer:
What else do you talk about?] Oh, lots of things... the game last
night, the weird food that [mechanic name] brought for lunch, you
know ... (laughs).”

8 1f 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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7 Performance misjudgment—overconfidence or underconfidence
in one’s self-assessment of relative performance—is known as the
Dunning-Kruger effect (Kruger and Dunning 1999, Dunning 2011).
Research has found high-performers underestimating their perfor-
mance and low-performers overestimating theirs (Burson et al.
2006, Ehrlinger et al. 2008, Schldsser et al. 2013).

8 Given a relatively small number of clusters (11) in our setting,
the cluster-robust standard errors could be downward biased
(although “small” is subjective; 10-20 clusters are typically consid-
ered “moderate”). Following Cameron et al. (2008), we started
with cluster-robust standard errors and then found that our results
were robust to their bootstrap-t procedure (the wild cluster boot-
strap that corrects for potential downward biases).

9 Mechanic quotations are demarcated with an M; supervisor quota-
tions are demarcated with an S; and quotations that the participant-
observer overheard from a group of mechanics or supervisors are
demarcated with a PO. The numbers that follow M or S anony-
mously but consistently identify a particular individual throughout
the manuscript.

19 The effect of the intervention on % Productive Time in column 5
was positive (a 4.5% increase compared with the preintervention
mean value) but statistically insignificant (8 = 2.697, p = 0.438). Sim-
ilarly, the effect on % Support Time (column 6) was positive but sta-
tistically insignificant (8 = 0.700, p = 0.792).
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