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Abstract
We conduct a field experiment with Amazon Mechanical Turk (“AMT”) workers 
to causally assess the effect of introducing a control mechanism in an existing work 
relationship on workers’ performance on tasks of varying difficulty. We find that 
introducing control significantly reduces performance. This reduction occurs pri-
marily on challenging tasks, while performance on simple tasks is unaffected. The 
negative effects are primarily driven by workers who exhibit non-pecuniary moti-
vation in the absence of control. Our results show that there are adverse effects of 
control, and they suggest that these adverse effects are of particular concern to firms 
that rely on high performance on challenging tasks.

Keywords  Control · Remote work · Experiment · Crowding out

JEL Classification  C93 · D21 · J24 · M5

1  Introduction

While agency theory suggests that monitoring and control are effective in coun-
teracting employee misbehavior (Alchian & Demsetz, 1972; Jensen & Meckling, 
1976), some authors have argued that the effect of control may be ambiguous due 
to a potential reduction in non-pecuniary motivation (Frey, 1993; Frey & Ober-
holzer-Gee, 1997). Empirical evaluations of control mechanisms in the field are still 
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limited, and thus gaining a better understanding of the effects of control on worker 
performance is fundamentally important.

In this paper, we advance our understanding of potential negative effects of con-
trol along two dimensions: i) we can assess heterogeneity in reactions to control in 
the field among workers with different levels of non-pecuniary motivation, and ii) 
we can causally assess the incidence of potential negative effects across tasks of dif-
ferent difficulty. Understanding such heterogeneity is crucial because task difficulty 
is often related to the marginal value of a task to the employer. Our setting allows us 
to study the effects of non-pecuniary motivation and task difficulty independently, 
whereas they are usually intertwined in observational data.

Our experiment mimics the introduction of a control mechanism in an existing 
work relationship. Specifically, we conduct a pre-registered field experiment on 
Amazon Mechanical Turk (“AMT”), which is an online crowdsourcing labor market 
on which employers can recruit workers to perform short jobs for payment.1 The 
experiment consists of a pre-treatment and an experimental stage. In the pre-treat-
ment stage, workers receive a flat wage for extracting information from 20 pictures. 
The work process for each picture consists of two steps: First, workers must declare 
whether the picture is readable, i.e., whether they can extract the required informa-
tion. Second, if the picture is declared as readable, workers must extract information 
from the picture according to the coding guidelines provided. If a picture is declared 
as unreadable, workers skip the second step of the work process. The pictures vary 
in difficulty. While some are easy to categorize and require minimal effort, others 
are more challenging and demanding.

In the experimental stage, workers again face a set of 20 pictures and are ran-
domly assigned to either the “Baseline” or the treatment group (“Restricted”). Con-
ditions in the Baseline are identical to the pre-treatment stage. In Restricted, how-
ever, we communicate that we control the number of pictures that are reported as 
unreadable and implement a maximum allowance threshold: If workers declare 
more than 8 out of the 20 pictures as unreadable, they will not receive the payment.

In principle, the introduction of a control mechanism in the experimental stage 
can have two conflicting effects. First, a disciplining effect that increases worker per-
formance by limiting the opportunities for workers in Restricted to shirk by declar-
ing readable pictures as unreadable. Second, the implementation of control could 
also have detrimental effects on performance if some workers are motivated to per-
form in the employer’s interest even when explicit performance incentives are weak 
and control is absent (Deci, 1971). Such non-pecuniary motivation could stem from, 
for example, gift exchange and reciprocity (Akerlof & Yellen, 1990), an individual’s 
desire to perform the task for its own sake (Bénabou & Tirole, 2003), a social norm 
(Sliwka, 2007), or pride and selfesteem (Ellingsen & Johannesson, 2008). Since the 

1  While AMT is frequently utilized in academia for scientific experiments (Snowberg & Yariv, 2018), its 
main purpose is a “crowdsourcing marketplace that makes it easier for individuals and businesses to out-
source their processes and jobs to a distributed workforce who can perform these tasks virtually” (www.​
mturk.​com, last accessed: 14 November 2023). Workers recruited by us were not aware that the job they 
are participating in was part of an experiment, and the job is a typical type of task crowd-sourced on 
AMT.
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goal of this paper is to investigate the possible existence of a negative behavioral 
effect, we deliberately implemented a control mechanism that is as ineffective as 
possible in disciplining workers: workers who want to shirk can simply declare pic-
tures as readable, but enter false information in the second work step.

Our first result shows that average performance is reduced when control is intro-
duced. The average worker in Restricted reduces performance significantly by 5.5 
percent relative to the counterfactual. In addition, the introduction of control reduces 
both the number of low and high performers, meaning that the variance of worker 
performance is significantly lower in Restricted than in the Baseline.

Second, we find that the reduction in performance in the Restricted treatment is 
particularly pronounced among workers who were motivated to perform in the pre-
treatment stage, where control was absent. Pre-treatment motivation is measured by 
the time spent: those workers who invested relatively more time into solving the job 
are classified as being more motivated. Splitting our sample at median pre-treatment 
motivation, we find that output among workers with high motivation is reduced by 
8.7% in Restricted relative to the counterfactual. In contrast, Restricted workers 
with low motivation do not reduce performance compared to Baseline workers. Two 
alternative proxies for non-pecuniary motivation—(i) whether workers have a poten-
tial intrinsic interest in the content of the coded pictures and (ii) whether workers re-
consulted the coding guidelines while working in the pre-treatment stage—confirm 
these results. Thus, the implementation of control reduces performance especially 
among those workers who were motivated to perform in the absence of control, 
which confirms previous laboratory findings.

Finally, Restricted workers reduce performance particularly among difficult and 
time-demanding tasks. Compared to the counterfactual, Restricted workers reduce 
performance by 20.5% among the hardest tertile of pictures. We find a smaller per-
formance reduction of 8.3% in the medium category and no significant difference 
for the easiest tertile. Similar results are found when sorting the pictures according 
to laboriousness, defined as the average time spent on a picture. Restricted work-
ers perform significantly worse among the more time-demanding pictures, reducing 
correct transcription rates by 12.7%. Again, the decrease in worker performance is 
smaller among the medium (7.2%) and the least labor-intensive pictures (3.0%).

The finding that control differentially affects performance conditional on task dif-
ficulty may have important implications, as it suggests that the adverse effects of 
control are contingent on the value a firm attaches to difficult tasks. In some organi-
zations, the value derived from solving a task may be uncorrelated or even nega-
tively correlated with its difficulty. As a result, performance is reduced on those 
tasks where it has the least negative impact on the employer.

In other work environments, however, task difficulty is likely to be positively cor-
related with the value created for the employer. For example, when tasks are com-
plementary inputs in production, those that are less frequently correctly provided 
(i.e., the difficult ones) tend to have a higher marginal value to the firm (Kremer, 
1993). The heterogeneity in performance reductions by task difficulty implies that 
the average treatment effect may strongly underestimate the negative impact of con-
trol on the firm’s value of production. 
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Our findings shed light on the heterogeneity in the use of monitoring and control 
mechanisms across different work environments (Ichniowski et al., 1997). In many 
jobs, workers have private information about the importance of different tasks for 
firm productivity, and firms cannot install monitoring technology that accounts for 
this private information (Ichniowski & Shaw, 2003; Bartling et al., 2012). In such 
environments, one often observes high-performance work systems that refrain from 
control and instead grant authority to workers to prioritize tasks and solve problems 
themselves.

There may be good reasons not to implement control in such settings, as our evi-
dence shows. Control has a negative impact on performance, particularly for difficult 
and tedious tasks. If tasks are complementary inputs into production, or if task dif-
ficulty and the marginal value of a task are positively correlated, our data suggests 
that control could be highly detrimental for the firm. This result aligns well with 
theoretical predictions that posit the adverse effects of managerial interventions to 
be particularly pronounced when there are complementarities in production (Friebel 
& Schnedler, 2011).

This paper contributes to the broader literature on adverse effects of control, mon-
itoring and surveillance, where it has been shown that formal control can impact an 
agent’s trust in the principal and may reduce effort (Falk & Kosfeld, 2006). Labora-
tory studies have assessed how control can have heterogeneous effects across agent 
types (Dickinson & Villeval, 2008; Schnedler & Vadovic, 2011; Ziegelmeyer et al., 
2012; Maas & Van Rinsum, 2013; Masella et  al., 2014; Kessler & Leider, 2016; 
Riener & Wiederhold, 2016; Burdin et  al., 2018; Schmelz & Ziegelmeyer, 2020). 
Our field experimental evidence gives credence to these findings from the lab, and 
extends the analysis by showing heterogeneous effects across task difficulty.

The few (quasi-)experimental studies on the effects of control that have been con-
ducted in the field have also been limited to tasks that do not differ in difficulty. 
When introducing monitoring in unidimensional tasks, Nagin et al. (2002) find that 
lowering the level of monitoring leads most workers to decrease performance. Simi-
larly, implementing monitoring has been found to decrease employee theft (Pierce 
et al., 2015), and to increase worker performance when tasks are unidimen sional 
(Boly, 2011). Belot and Schröder (2016) investigate the effects of monitoring in a 
multidimensional job and find that monitoring increases performance in the moni-
tored dimension, but decreases performance in the non-monitored dimension. We 
go beyond these articles by studying heterogeneous treatment effects conditional on 
task difficulty. Table A.1 in the Online Appendix provides a concise overview of the 
literature.

2 � The experiment

2.1 � The real effort task

The field experiment was conducted on AMT. We recruited workers as a neutral 
AMT employer and workers were not aware that they participate in a study.
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Workers engage in a visual search task: extracting and categorizing information 
from a picture.2 Specifically, we present workers with pictures from game-play situ-
ations of a lacrosse match and ask them to extract five pieces of information from 
each picture. Visual search tasks are common and natural on AMT and generate a 
productive output. Hence, workers sign up and engage in a job that fits their natural 
work environment.

For each picture, the first work step is to declare whether the picture is reada-
ble or not. Workers are instructed that a picture is defined as readable if it is not 
blurry and if all requested information is visible (“Clear image, all info visible”-
button). Otherwise, the picture is not readable and workers need not to transcribe 
it ("Unclear image, not all info visible"-button).3 If the picture is declared readable, 
workers have to enter five pieces of information in a second step. The entry form is 
shown in Fig. 1.

An important feature of our design is that pictures vary in difficulty. While some 
pictures require little time to identify all relevant information and hence to transcribe 
them correctly, other pictures are cumbersome and require a substantial time invest-
ment (Figure B.1 in the Online Appendix provides examples of pictures of different 
difficulty). Each worker transcribed the same set of pictures, and the sequence of 
pictures was randomly determined for each worker by the computer.

Fig. 1   The real effort task

2  The task was programmed with the software oTree (Chen et al., 2016).
3  Indeed, in some cases, declaring pictures as unreadable is the truthful response because the picture is 
blurry or some of the requested information is not identifiable, and workers knew that this may be the 
case. For this reason, such a button is a common feature in picture categorization tasks on AMT.
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2.2 � Set‑up and treatments

2.2.1 � The pre‑treatment stage

In the pre-treatment stage, all workers receive a flat payment of USD 1 for categoriz-
ing 20 pictures. Control is not present and other external incentives are minimized. 
Workers are truthfully informed that the task is automatically approved and paid 
regardless of the provided work (“All work is accepted: your job will be approved 
automatically within 1 day”, which is an often used function on AMT, see Online 
Appendix B for the full instructions). Thus, workers can report all 20 pictures as 
unreadable and still receive the payment.

This stage has a two-fold purpose. First, it serves as a lock-in task with the goal 
to reduce dropouts once the treatment is induced. This is an established method 
on AMT to avoid selective attrition (Horton et  al., 2011). Second, it allows us to 
observe behavior of all participants in an environment without control.

2.2.2 � The experimental stage

Once the workers have completed the pre-treatment stage, they are automatically 
offered the opportunity to do another, different set of 20 pictures. The order of 
appearance is again randomized by the computer for each worker individually.

If workers accept the offer, they are randomly assigned to one of two groups: In 
“Baseline”, they receive the same contract as before, a flat payment of USD 1, and 
the job is auto-approved and paid regardless of the work performed.

In “Restricted”, however, they are assigned to a control mechanism: Workers are 
truth-fully informed that they are allowed to declare a maximum of 8 out of 20 pic-
tures as unclear and that this will be controlled and verified automatically by the 
computer. If workers do not exceed the maximum allowance threshold, a flat reward 
of USD 1 is automatically paid. If the requirement is not met, workers are not eligi-
ble to receive the payment.

2.3 � Measures, procedures and hypotheses

2.3.1 � Measures

To produce a correct transcription of a picture, workers first need to identify read-
able picures as readable. Then, they need to enter the correct information into 
the entry form. Hence, there are two ways in which a worker can fail to produce 
valuable output: (i) declaring a picture as unreadable even though it is readable, 
or (ii) identifying a picture as readable, but entering erroneous information. To 
capture the first step of the work process, we define the variable SKIP as the num-
ber of pictures that are readable but declared as unreadable, and thus skipped by 
workers. To capture the second step of the work process, we define the variable 
ERRORS as the number of pictures that are declared as readable but wrongly 
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transcribed. The variable OUTPUT captures overall work output, measured by 
the total number of correctly solved pictures (note that there are 20 pictures in 
total and therefore: OUTPUT = 20 − SKIP − ERRORS). OUTPUT thus represents 
worker performance and is our main variable of interest. In every set, two out of 
the 20 pictures are blurry and unreadable. Labeling the two unreadable pictures 
as unreadable is the truthful answer. Consequently, declaring an unreadable pic-
ture as unreadable is not contributing to SKIP, nor to ERRORS, but to OUTPUT.

2.3.2 � Hypotheses

Our first hypothesis concerns the potential negative effect of implementing con-
trol on performance in our setting. The control technology used in the Restricted 
treatment restricts workers’ shirking possibilities by limiting the option to declare 
pictures as unreadable. While workers were technically able to mark more pic-
tures as unreadable than the maximum allowed, the enforcement of this limit was 
through payment: workers who did not meet the minimum performance require-
ment were not eligible for payment. However and importantly, the control tech-
nology leaves the option open to erroneously and effortlessly transcribe the pic-
tures. Therefore, opportunistic agents can easily bypass the control technology 
and consequently, we do not expect a disciplining effect. On the other hand, if 
control is detrimental because workers react negatively to the implementation 
of control, Restricted workers should reduce performance (Barkma, 1995; Frey, 
1993; Frey & Jegen, 2001). Hypothesis 1 thus assesses the external validity of the 
laboratory finding that controlling workers may backfire (see, for example, Falk 
& Kosfeld, 2006; Ziegelmeyer et al., 2012; Schmelz & Ziegelmeyer, 2020).

Hypothesis 1  Introducing control reduces performance.

Our second hypothesis is concerned with heterogeneity across workers in 
their behavioral reaction to control. Frey (1993) posits that there are two types 
of agents, an opportunistic agent who always maximizes own income (or mini-
mizes costs of effort), and an agent with non-pecuniary motivations who provides 
effort even in the absence of control or other types of extrinsic incentives (Aker-
lof & Yellen, 1990; Bénabou & Tirole, 2003; Ellingsen & Johannesson, 2008; 
Fehr et al., 1993; Sliwka, 2007). Opportunistic agents should exert minimal effort 
and simply circumvent the control device. Those with non-pecuniary motivations, 
however, may react negatively to the implementation of control and reduce their 
effort (Dickinson & Villeval, 2008). We thus expect that the decrease in perfor-
mance in response to the control mechanism will be particularly pronounced 
among workers with non-pecuniary motivation.

Hypothesis 2  The adverse effect of control is particularly pronounced among work-
ers with non-pecuniary motivation.
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An important conceptual and empirical challenge in assessing this hypothesis is 
to ex ante identify those workers with higher non-pecuniary motivation. We adopt 
a broad and pragmatic concept of non-pecuniary motivation. The goal is to identify 
those workers who exert effort in absence of control. We thus consider workers to 
have high non-pecuniary motivation if they are motivated to act in the employer’s 
interest in the pre-treatment stage when control is absent and explicit incentives 
weak.

We measure and employ labor input, that is, the time devoted to the job in the 
pre-treatment stage, as a proxy for non-pecuniary motivation. Workers who devote 
more time to the job are classified as more motivated. We believe that time is a valid 
proxy for costly labor input because of the opportunity cost of time on AMT: Upon 
finishing, a worker can always switch to the next job and earn additional rewards. 
Thus, spending more time on our job is costly and reduces workers’ hourly pay.4

More precisely, we measure the time devoted to the task using otree_tools 
(Chapkovski & Zihlmann, 2019), which corrects for events in which workers switch 
away from the window in which the experiment is active and hence do not engage 
with the experimental job. We employ two alternative proxy variables to test the 
robustness of the results to Hypothesis 2. First, we survey workers whether they 
play or regularly watch lacrosse. Workers who are familiar with the sport may be 
more motivated to engage with our task. Second, in the pre-treatment stage, we track 
whether workers re-consult the coding guidelines on how to classify pictures cor-
rectly while working on the job. Workers who re-consult the guidelines are classi-
fied as workers with higher non-pecuniary motivation, because they strive to com-
plete the task correctly according to the guidelines provided.

Our third hypothesis assesses heterogeneous reactions to control across types of 
tasks. Workers are tasked with transcribing pictures that vary in their difficulty and 
in the amount of time required to solve them correctly. However, the control technol-
ogy does not account for picture difficulty. This is why we hypothesize that the per-
formance reduction should occur among those tasks at which effort costs are highest 
for the worker, and hence cost savings are highest when shirking. Consequently, we 
expect the control device to lead to a particularly pronounced performance reduction 
among challenging tasks.

Hypothesis 3  Introducing control reduces performance among challenging tasks. 
The adverse effect of control is particularly pronounced among the hard-to-solve 
pictures.

4  Time represents procedural data and is thus arguably more independent of worker’s experience, skills, 
cognitive ability and other confounding factors that do not represent motivation than work output mea- 
sures such as performance. See for example Carpenter and Huet-Vaughn (2019) for a discussion. Note 
also that time devoted to the task is correlated with performance (Spearman’s ρ =0 .09, p =0 .02), as one 
would expect. Moreover, if performance measured through output is a noisy measure, employing pre-
treatment output as a proxy for non-pecuniary motivation would result in a regression-to-the-mean prob-
lem. Indeed, when plotting a locally weighted regression of work output in the experimental stage against 
work output in the pre-treatment stage, we observe that initial low performers tend to perform better in 
stage 2. The opposite holds true for high performers. See Figure C.6 in the Online Appendix.
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2.3.3 � Procedures

We conducted two randomized control trials, the first on December 10th, 2018 and 
the second from March 9th to 11th, 2020.5 Both trials were pre-registered before 
data collection. We conducted a second trial because only a subset of our empiri-
cal analyses were pre-registered before the first trial. In the following, we highlight 
those hypotheses for which adjustments in the pre-analysis plan were made between 
trial 1 and trial 2. Hypothesis 1 was pre-registered in both the analysis plans of study 
1 and study 2. Hypothesis 2 was pre-registered in both the analysis plans of study 
1 and study 2, too. However, the pre-analysis plans differ in the specification of the 
measurement of non-pecuniary motivation. In the pre-analysis plan for study 1, we 
pre-registered “playing or regularly watching lacrosse” as a proxy for non-pecuniary 
motivation for this job. However, few participants indicated that they play or regu-
larly watch lacrosse, resulting in limited power, and in-between the two pre-registra-
tions an effective measurement for time spent on the task was developed for oTree. 
Hence, we adjusted our assessment and pre-registered for study 2 the time spent on 
the task in the pre-treatment stage as the proxy variable for non-pecuniary motiva-
tion. We report results for both proxies. Hypothesis 3 was pre-registered for the sec-
ond trial, after exploratory findings in the first trial.

The total sample consists of 693 workers, 203 workers in the first trial and 490 in 
the second.6 There was no attrition after treatment induction: Every single worker 
who started the experimental stage also completed it. Note that workers learned 
about the treatment only once they started the experimental stage. In the second 
trial, 512 workers completed the experimental stage. We excluded 22 workers from 
the data set either due to starting the experimental stage twice or because of failed 
attention checks that we included in the experimental procedure. We observed some 
attrition after treatment induction in the second trial. 43 workers learned about the 
treatment and started the experimental stage without completing it. Of those, 20 
were assigned to the Baseline and 23 to the Restricted group. We thus deem attrition 
to be low and not significantly differently distributed across treatments. Moreover, 
dropped out workers do not exhibit significant differences among any of the three 
performance dimensions depending on treatment assignment.

All workers were from the United States. We did not impose any other partici-
pation restriction. Workers received USD 1 for each stage. The mean duration to 
complete the job was about 7 min for each stage, yielding an hourly pay of approxi-
mately USD 9.

5  We focus the analysis on the pooled sample. All results remain qualitatively similar when analyzing 
the two trials separately. We report the separate analyses in Online Appendix D.
6  In the first trial, 221 workers completed the experimental stage. We excluded 18 workers from the data 
set because they started the experimental stage more than once, thus being potentially familiar with both 
treatment conditions.
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3 � Results

In the main body of the paper, we report our results based on the difference in the 
outcome variable between the experimental and the pre-treatment stage. In the 
Online Appendix, we additionally provide analyses based on a regression approach 
by investigating the experimental stage outcomes conditional on the pre-treatment 
measurements.7 Descriptive statistics of all main outcome measures are presented in 
Table C.1 in the Online Appendix.

3.1 � Control decreases worker performance

Our first result establishes the existence of adverse effects of control in our setting.

Result 1  Introducing control leads to a significant decrease in average work 
performance.

Figure  2 provides support for Result 1.8 It shows that workers in the Baseline 
on average solve 0.8 fewer pictures correctly in the experimental stage than in the 
pre-treatment stage (variable OUTPUT). Notably, Restricted workers decrease 

Fig. 2   Average treatment effect on workers’ performance. Note: The graph reports on the vertical axis the 
number of pictures as an average difference from the pre-treatment to the experimental stage. Errors bars 
represent the standard error of the mean (accounting for unequal variances). OUTPUT: Number of cor-
rectly solved pictures. SKIP: Number of readable pictures that were declared as unreadable. ERRORS: 
Number of transcribed pictures that contain an error. N = 693, whereof Baseline n = 350, Restricted 
n = 343. Unequal variance t-test p values: *p < 0.10, **p < 0.05, ***p < 0.01

7  If treatment assignment is random, which it is in our case, both methods are unbiased (Breukelen, 
2006; Wright, 2006) and reporting the results obtained from both methods is proposed to be a good prac-
tice (Allison, 1990; Lord, 1967).
8  All reported results are computed with Stata (StataCorp, 2019), using the graphical schemes of Bis-
chof (2017).
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the number of correctly solved pictures by 1.5. This reduction is roughly twice as 
large as in the Baseline group and implies a significant difference of 0.7 additional 
unsolved pictures per worker relative to the Baseline (p < 0.01).9 This is equivalent 
to 5.5% reduction in output compared to the counterfactual situation in which work-
ers in Restricted had remained uncontrolled.10 

We test the robustness of this result by regressing experimental stage measure-
ments on the treatment dummy while conditioning on the pre-treatment stage meas-
urements to control for individual pre-treatment characteristics. We again find that 
the introduction of control reduces performance by 0.56 correctly solved pictures 
(p < 0.01, see Table C.2 in the Online Appendix).

We further find that control affects the distribution of performance in our work-
force. Figure 3 depicts the distribution of correctly solved pictures for the Baseline 
and the Restricted treatment in the experimental stage (Figures C.1 and C.2 in the 
Online Appendix display distribution plots of SKIP and ERRORS). The kernel 
density estimates for Restricted workers has more density around the mean of the 
distribution and flatter tails. Control therefore leads to both a lower frequency of 
low performing workers and a lower frequency of high performing workers. The 

Fig. 3   Histogram and kernel density estimates of workers’ performance. Note: The graph reports by 
experimental group a histogram of the variable OUTPUT (number of correctly transcribed pictures). The 
data are experimental stage measurements. The bin width is set to 1 because the data is discrete. Epane-
chnikov kernel density estimates are overlaid, the default (optimal) width was used

9  In this subsection, if not otherwise explicitly mentioned, when comparing two groups, we report p val-
ues from Satterthwaite’s unpaired and two-sided t-test that accounts for unequal variances. When report-
ing p values from regressions, these are obtained from the OLS estimator employing robust standard 
errors.
10  Throughout the paper whenever we report percentage differences, they are calculated using thefollow-
ing formula: X

T

2

X
T

1
+ΔXB

, where XT

i
 is the stage i variable of interest in the Restricted group, and 

ΔXB = X
B

2
− X

B

1
 is the difference between stage 1 and stage 2 in the Baseline group, such that XT

1
+ ΔX

B

2
 

constitutes the counterfactual change for the Restricted group had they not been controlled.
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distribution is significantly more centered around the mean, and Levene’s test for 
the equality of variances reveals that, indeed, heterogeneity in worker performance 
is reduced by the control mechanism (p = 0.02). Put differently, control cultivates the 
average worker.

Figure 2 also provides insights about the effects of control in the two steps of the 
work process. Restricted workers reduce the number of skipped readable pictures by 
0.8 between the pre-treatment stage and the experimental stage while non-restricted 
workers do so by 0.5 pictures only (p = 0.05). Simultaneously, we observe the num-
ber of transcribed pictures with errors to be 16.8% higher among Restricted workers 
compared to the counterfactual, a highly significant difference (p < 0.01). Regression 
analysis (see columns (2) and (3) in Online Appendix Table C.2) again confirms 
these findings.

The finding that Restricted workers increase ERRORS relative to the Baseline 
is robust to applying various alternative measurements for work quality, such as (i) 
error rates instead of absolute numbers, (ii) errors by single input field instead of full 
pictures, or (iii) errors by single input field per picture (see Online Appendix C.3). 
Restricted workers do not only transcribe more pictures erroneously, but also make 
more errors per picture.

Taken together, we find that the implementation of control decreases overall perfor-
mance. It is noteworthy that the number of SKIP decreases in the presence of control.

The adverse effects of control arise in the non-restricted work step. This finding 
is related to Belot and Schröder (2016), who find that when workers are monitored 
in one dimension of a multidimensional effort task, performance in that dimen-
sion improves but decreases in other, unobserved dimensions. Our observation that 
performance increases in the monitored dimension despite the absence of a bind-
ing incentive mechanism is also consistent with recent evidence documenting that 
simply making monitoring more visible leads to an increase in the monitored per-
formance dimension, even though incentives remain unchanged since workers are 
not paid for the monitored performance dimension (Jensen et al., 2020). Our finding 
also aligns well with Anteby and Chan (2018) who show that control may encourage 
workers to engage in deviant behavior in dimensions that are difficult to detect for 
the employer.

This implies that it can be difficult for firms to notice the detrimental impact of 
control, because performance metrics in the controlled dimension are likely to signal 
positive effects. However, the adverse effects of control may arise in other, poten-
tially non-observed steps of the work process. Thus, performance metrics relating to 
control mechanisms may be misinterpreted and lead to false conclusions about the 
effectiveness of control.

3.2 � Control reduces performance among workers with non‑pecuniary motivation

Hypothesis 2 explores whether Result 1 is the consequence of a uniformly nega-
tive reaction to control or whether there is important heterogeneity in workers’ 
behavioral response.
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Result 2  The negative performance impact of the introduction of control is signifi-
cantly more pronounced among workers with high non-pecuniary motivation.

Support for Result 2 can be seen in Fig. 4. As explained in Sect. 2, we use pre-
treatment labor input, captured by time spent on the job, as our measure of non-
pecuniary motivation. We then classify workers into two types, those with high 
motivation and those with low motivation, based on a median split. Figure 4 plots 
the average difference of workers’ performance between the pre-treatment stage and 
the experimental stage for both experimental groups and by both types of workers.

The right panel provides evidence supporting Result 2: Whereas motivated 
workers in the Baseline reduce their performance by about 0.5 pictures, motivated 
workers subject to the control mechanism reduce output by 1.6 pictures, a highly 
significant difference of more than one picture. This is equivalent to a decrease of 
output by about 8.7% (p < 0.01) when motivated workers are Restricted. For work-
ers with low motivation, depicted in the left panel, we do not find significant differ-
ences in output between the two groups. Thus, the negative performance effect of 
control on motivated workers is significantly stronger than the negative performance 
effect of control on workers with low motivation (p = 0.02). We also observe that 

Fig. 4   Performance by type of worker. Note: The graph reports on the vertical axis the number of pic-
tures as an average difference from the pre-treatment to the experimental stage. Errors bars represent the 
standard error of the mean (accounting for unequal variances). OUTPUT: Number of correctly solved 
pictures. SKIP: Number of readable pictures that were declared as unreadable. ERRORS: Number of 
transcribed pictures that contain an error. Workers are classified into low and high non-pecuniary motiva-
tion based on a median split of pre-treatment work input (measured through time spent on task). Group 
sizes: Low non-pecuniary motivation N = 346, whereof Baseline n = 161, Restricted n = 185. High non-
pecuniary motivation N = 347, whereof Baseline n = 189, Restricted n = 158
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the reduction in work output for motivated workers in the Restricted condition is not 
because they skip more pictures, but because they make more errors than workers 
who are not restricted.

To test the robustness of our results, we regress our outcome variables of interest 
on individual non-pecuniary motivation, measured as time spent on the task, both 
continuously and via a median split. We find that both interaction terms are negative 
and highly statistically significant, indicating that workers with high non-pecuniary 
motivation are those that react especially adverse to the implementation of control 
(regression results are shown in Table C.3 in the Online Appendix).

Because non-pecuniary motivation is not exogenously varied, differences in the 
pre-treatment stage levels of motivation could be related to other factors. We thus 
test the robustness of Result 2 by employing two alternative proxies for non-pecu-
niary motivation, (i) whether workers click the "Open Instructions"-button in the 
pre-treatment stage to reconsult the instructions on how to classify pictures properly 
and (ii) whether workers play or regularly watch lacrosse.11 In case (i), 144 work-
ers re-consulted the guidelines at least once, and are thus classified as motivated. 
Motivated workers reduce performance by 9.6% when Restricted (p < 0.01), while 
non-motivated workers do so by 4.2% only (p = 0.02). A regression reveals that the 
difference-in-difference interaction term is also marginally significant (p = 0.07), see 
Table A.1 in the Online Appendix. In case (ii), 151 workers play or regularly watch 
lacrosse and are thus classified as motivated. Motivated workers reduce performance 
by 8.9% when Restricted (p = 0.06), while non-motivated workers do so by 4.7% 
only (p < 0.01). While the difference-in-difference interaction term goes in the right 
direction, it fails to reach conventional levels of statistical significance.12

3.3 � Control reduces worker performance among challenging tasks

To assess our third hypothesis, we categorize the 18 readable pictures into three cat-
egories based on their difficulty, measured by the achieved performance (OUTPUT), 
as pre-registered for the second experiment.13 The categorization is based on the 
performance of the Baseline group. Our findings are summarized in Result 3.

Result 3  The negative performance impact of the introduction of control is signifi-
cantly more pronounced among hard-to-solve pictures.

Support for Result 3 is shown in Fig.  5, which plots the average difference of 
correctly solved pictures by picture difficulty and experimental group. In the left 

11  Detailed results of these additional analyses are presented in Online Appendix C.3.1.
12  Note that for both alternative proxies, the group size of workers with low non-pecuniary motivation is 
substantially larger than the group size of workers with high non-pecuniary motivation. Statistical signifi-
cance among the two types of workers is thus not directly comparable.
13  As pre-registered, we exclude the two blurry and unreadable pictures for the analysis because as 
expected, these two pictures are correctly classified as unreadable by the vast majority of the workforce. 
Excluding these two pictures allows us to create three categories that represent difficulty tertiles.
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panel, the leftmost bars show that the control device hardly affects correct transcrip-
tions of easy-to-solve pictures. In the medium category however, Baseline workers 
solve 0.6 fewer pictures in the experimental stage than in the pre-treatment stage, 
while Restricted workers solve 0.9 fewer pictures. Restricted workers thus perform 
worse than the Baseline by 0.3 pictures, which is an 8.3% reduction in performance 
(p < 0.01). Among hard pictures, this treatment effect grows in relative magnitude. 
Restricted workers perform worse compared to the Baseline by 0.26 pictures, which 
represents a substantial 20.5% reduction in performance (p < 0.01).

The right panel in Fig. 5 plots a similar graph but by task laboriousness instead of 
task difficulty: Pictures are ordered into laboriousness tertiles based on the average 
time spent on a picture in the Baseline group. Interestingly, a very similar pattern 
emerges. We observe that the relative performance reduction of Restricted workers 
is especially pronounced among pictures that require more labor. While the perfor-
mance reduction of Restricted workers compared to non-restricted workers amounts 
to 0.16 pictures or 3.0% in the least laborious category (p = 0.09), it amounts to 0.22 

Fig. 5   Performance by task heterogeneity. Note: The graph reports on the vertical axis the number of 
correctly transcribed pictures (OUTPUT) as an average difference from the pre-treatment to the experi-
mental stage, representing the change in performance. The left panel reports the performance difference 
by task difficulty, the lower panel by task laboriousness. For each stage separately, pictures are classified 
into difficulty tertiles based on the performance of the Baseline group and into task laboriousness tertiles 
based on the time elapsed of the Baseline group. N = 693, whereof Baseline n = 350, Restricted n = 343
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pictures or 7.2% in the medium category (p = 0.03) and to 0.29 pictures or 12.7% 
among the most labor-intensive pictures (p < 0.01).

Finally, we again assess the robustness of our results with regression analysis, 
which confirms the results reported above (see Table C.6 in the Online Appendix). 
In addition, regression analyses reveal that the performance reduction among hard 
and labor-intensive tasks is primarily driven by the motivated workforce (see Figure 
C.7 in the Online Appendix).14 

Therefore, the average reduction of performance documented in Result 1 can be 
primarily attributed to workers with non-pecuniary motivation, who reduce their 
performance particularly among laborious and hard-to-solve tasks.

4 � Conclusion

This article provides novel evidence on the adverse effects of control in the field. We 
document that the introduction of control in an existing work relationship adversely 
affects worker performance, particularly for difficult and labor-intensive tasks and 
for workers with non-pecuniary motivations. These results have important implica-
tions for the optimal design of control in firms. In particular, they imply that the 
implementation of control can be profoundly harmful (1) for firms whose workforce 
is motivated to perform even when extrinsic incentives are largely absent, and (2) for 
firms that derive particularly high marginal value from worker performance on chal-
lenging tasks. For example, in work environments where different tasks are comple-
ments, difficult tasks are likely to have the highest marginal value to the firm. The 
average treatment effect on performance may substantially underestimate the impact 
of control on firm profitability in such settings.

At the same time, our findings do not imply that control is always detrimental. 
We deliberately implemented a control device that workers could easily circumvent, 
because the focus of this paper was to identify potential negative effects of control. 
Our results show that moderately effective control mechanisms will likely have posi-
tive overall performance effects, in particular when tasks are perfect substitutes.

Together with theoretical work (Bénabou & Tirole, 2003; Ellingsen & Johan-
nesson, 2008; Frey, 1993; Sliwka, 2007), this article conveys an important lesson 
for firms when implementing monitoring and control technologies. The introduc-
tion of these technologies may distort performance in unintended ways, which can 
be particularly severe when only some relevant dimensions of the work task can be 
targeted. More research on how organizations can install control technology while 
avoiding unwanted side effects is warranted.

In this regard, it is important to note that our findings relate to a situation in 
which control is newly and uniformly implemented within an existing work relation-
ship. Such an implementation of control can be interpreted as a signal of distrust, 
which may be one potential mechanism that causes the adverse effects of control. 

14  As noted in Sect. 2.3.1, Hypothesis 3 was only pre-registered before trial 2, and here we present the 
results for our pooled sample. However, in Online Appendix D.2, we perform our analyses using data 
from trial 2 only, and qualitatively replicate the results presented here.
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Indeed, call center workers perceive the implementation of a smartphone ban as a 
signal of distrust, and they generally prefer trust to control (Chadi et al., 2022). Our 
results, however, do not necessarily generalize to situations in which workers enter a 
firm that is already using control technology.

Imposing controls, mandates, and regulation is also highly important in policy 
making, and there is a growing literature documenting crowding out effects in pub-
lic policy (Chater & Loewenstein, 2023). For example, mandatory enforcement of 
policies in the context of Covid-19, such as vaccination mandates, may crowd out 
citizens’ motivation and their voluntary support for these measures (Schmelz, 2021; 
Schmelz & Bowles, 2021).

Finally, the behavioral heterogeneity in our data has important implications for 
the design of organizations. Ultimately, how can an organization design incentive 
schemes that discipline the opportunistic workers without reducing performance of 
those with non-pecuniary motivations? Moreover, the existence of different control 
regimes across and within firms raises interesting questions (Beckmann & Kräkel, 
2022). For example, the literature documents worker self-selection with respect to 
other behavioral factors, such as overconfidence (Larkin & Leider, 2012), coopera-
tion (Kosfeld & Von Siemens, 2011) or a preference for being one’s own boss (Bar-
tling et al., 2014; Hamilton, 2000; Hurst & Pugsley, 2011). Initial evidence suggests 
that some workers value flexible work arrangements (Angelici & Profeta, 2023) and 
are willing to forgo monetary compensation in exchange for not being monitored 
(Liang et al., 2022). If workers are heterogeneous in their degree of control aversion, 
we may also see sorting into firms and industries. The (non-) use of control technol-
ogy may then become a strategic tool for firms to attract specific types of workers.
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