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Abstract. Work scheduling research typically prescribes task sequences implemented by
managers. Yet employees often have discretion to deviate from their prescribed sequence.
Using data from 2.4 million radiological diagnoses, we find that doctors prioritize sim-
ilar tasks (batching) and those tasks they expect to complete faster (shortest expected
processing time). Moreover, they exercise more discretion as they accumulate experience.
Exploiting random assignment of tasks to doctors’ queues, instrumental variable mod-
els reveal that these deviations erode productivity. This productivity decline lessens as
doctors learn from experience. Prioritizing the shortest tasks is particularly detrimental to
productivity. Actively grouping similar tasks also reduces productivity, in stark contrast to
productivity gains from exogenous grouping, indicating deviation costs outweigh benefits
from repetition. By analyzing task completion times, our work highlights the trade-offs
between the time required to exercise discretion and the potential gains from doing so,
which has implications for how discretion over scheduling should be delegated.
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Supplemental Material: The online appendix is available at https://doi.org/10.1287/mnsc.2017.2810.
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1. Introduction
The scheduling of work is a key driver of opera-
tional performance in many settings, including facto-
ries (Berman et al. 1997), trucking (Roberti et al. 2015),
healthcare (KC and Terwiesch 2009), and financial ser-
vices (Staats and Gino 2012). Accordingly, a rich line of
research investigates task-scheduling policies, identify-
ing optimal schedules that managers can then imple-
ment (Pinedo and Yen 1997, Pinedo 2012). In many
settings, however, those who execute the tasks often
have discretion over the order inwhich to perform their
assigned duties. Yet little is known about the drivers of
workers’ decisions to exercise such discretion and how
scheduling should be managed when discretion exists.
In this paper, we consider the operational drivers and
implications of the exercise of “discretion over task
ordering,” defined as an individual’s ability to select
which task to complete next from a work queue.
Worker discretion can improve system performance

(van Donselaar et al. 2010, Campbell and Frei 2011,
Kim et al. 2015, Phillips et al. 2015) but can some-
times enableworkers to “choose the ‘wrong’ task (oper-
ationally)” (Boudreau et al. 2003, p. 186). We con-
sider a worker’s decision about which task to execute
next among a queue of pending, independent tasks;
although the assigned order would suggest choosing
the first task in the queue, the worker may choose to

exercise discretion by selecting a task from the rest
of the queue. Hereafter, “deviation” denotes the exer-
cise of discretion over task ordering by selecting a task
that is not the next one in the queue. As technological
advances are facilitating the delegation andmonitoring
of decisions made by front-line workers in manufactur-
ing, services, and knowledge work (Pierce et al. 2015),
understanding the operational implications of discre-
tion over task sequence is increasingly important.

We address two research questions. First, what are
the drivers of deviations? Second, what are their per-
formance implications? To identify the drivers of devi-
ations, we consider the circumstances under which
workers are more likely to exert discretion over the
order in which they execute tasks. We posit that
the ability of workers to identify an alternative task
sequence that they perceive as superior to the assigned
sequence will depend on the characteristics of the indi-
vidual as well as the characteristics of the individual’s
queue of pending tasks. With respect to the individ-
ual, we examine the role of worker experience. As for
queue characteristics, we examine whether an individ-
ual has an opportunity to pursue a shortest expected
processing time (SEPT) policy (i.e., select the task in the
queue that is expected to be completed most quickly)
or a batching policy (i.e., repeat the prior case type) by
deviating.
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We investigate these questions using data on doc-
tors reading radiological images of different types (e.g.,
chest x-rays, head computed tomography (CT) scans)
at a company at which images are randomly assigned
to the individual queues of qualified doctors. These
radiologists deviate from the assigned first-in-first-out
(FIFO) scheduling policy 42% of the time. Our find-
ings show that doctors deviate more often when they
are more experienced, when there is an opportunity
to follow a SEPT policy by deviating, and when there
is an opportunity to batch by deviating. When doc-
tors deviate, however, their average read time tends
to increase by about 13%. Other performance dimen-
sions, including quality, are mostly unaffected. Over-
all, our calculations suggest that forgoing deviations
would have led to faster reading times that could
have saved 2,494 hours per year, which would have
increased annual profits by 3%.

We also find that different types of deviations have
varied effects on performance. First, the deviation
penalty is lower when the worker is more experienced.
Second, although SEPTmay create the illusion of work-
ing faster precisely because it selects shorter cases, it
tends to impair speed and is a particularly detrimen-
tal type of deviation. Third, consistent with theory,
prior empirical work, and the beliefs of the radiolo-
gists we interviewed, batching is associated with supe-
rior performance when it occurs naturally, yet this is
not the case when batching results from a deviation
because of the search costs and other time costs associ-
ated with actively choosing and selecting the case from
the queue. Individuals may seek to group their tasks
to achieve the benefits of batching, but this may not
be worth it if they need to do so themselves; this pro-
vides evidence of the potential harmful performance
effects of exercising discretion when an individual may
underestimate the costs of deviating in relationship to
the potential gain.

Our paper makes several contributions to both the-
ory and practice. Our work is among the first to focus
attention on the role of discretion over task sequence
in queue management, recognizing that workers may
choose their own approach to sequencing or priori-
tizing work. Whether in call centers, software compa-
nies, or doctors’ offices, technology increasingly allows
managers to choose how much discretion to grant
employees with respect to the order in which they
complete tasks. This element of system design merits
greater theoretical and empirical attention to under-
stand its performance implications, and we provide
important evidence related to this goal. Second, we
identify conditions under which individuals are more
likely to deviate from the assigned queue. Examin-
ing the role of experience and the contents of the
queue in this decision provides insight into the design

of work systems. Third, we make important method-
ological contributions by identifying a novel approach
to discover valid instrumental variables by exploiting
exogenous queue contents to evaluate discretion in
queuing settings. Finally, we evaluate the performance
implications of these choices. Although attention has
been given to the performance effects of discretion, the
efficiency of discretion—which incorporates the time
invested to exercise it—has been overlooked. Our analy-
sis suggests that there is a cost of exercising discretion,
which managers should take into account when eval-
uating the effects of delegation. This time cost of reor-
ganizing the queue may make queue improvements
inefficient, underscoring the value of having a cen-
tralized individual perform queue management rather
than dividing it across workers. Deviations, even those
that lead to batching and would thus be recommended
a priori, may have a higher execution cost than the
resulting benefit. Although deviation is unlikely to be
detrimental to performance in all situations, our find-
ings illustrate that it can be and that managers must
carefully evaluate the full operational implications of
allowing discretion.

2. Related Literature
A long line of research on scheduling investigates the
optimal allocation of scarce resources (e.g., a machine
or a worker) to tasks over time (Pinedo 2012). Problems
considered include project scheduling (e.g., Goh and
Hall 2013), transportation scheduling (e.g., Zhu et al.
2014), appointment scheduling (e.g., Bassamboo and
Randhawa 2016, Truong 2015), and workforce schedul-
ing (e.g., Berman et al. 1997). An influential area of
research since the 1950s, the optimization problem can
have multiple objectives and typically assumes a cen-
tral planner. Empirical research has studied the effects
of task sequence on performance. Among this work,
Schultz et al. (2003) provide experimental evidence
of the negative effects of work interruptions, showing
that changingmachines leads to a performance penalty
beyond just the time cost of moving locations. Examin-
ing data entry clerks, Staats and Gino (2012) find that
repeating the same task is associated with superior
shift performance, suggesting that managers should
provide variety across days orweeks butminimize task
switches within a day.

In this work, the often-implicit assumption is that
scheduling is a managerial decision and that workers
will execute the schedule chosen by the central plan-
ner. In many settings, however, this is not the case;
front-line workers have autonomy regarding which
task to complete next and, therefore, can deviate from
the assigned task schedule. We consider the role of
worker discretion with respect to task sequencing. If
the exercise of discretion by workers yields better per-
formance, managers should encourage such behavior.
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At the same time, if there are costs of exercising dis-
cretion, managers should look for ways to lessen these
negative outcomes. It is thus important to understand
how workers behave when given the freedom to devi-
ate from an assigned task order. Managers should
know whether workers deviate frequently and in pre-
dictable ways and, if so, whether the choices add value.
Our paper addresses these questions.
Although little is known about discretion over

task sequence, research has examined discretion with
respect to other work dimensions, including capac-
ity allocation (Kim et al. 2015), routing a task to a
specialist (Shumsky and Pinker 2003, Saghafian et al.
2014, Freeman et al. 2016), processing time (Schultz
et al. 1998, 1999), and balancing the speed–quality
trade-off when quality increases with the duration of
the interaction (Hopp et al. 2007, Anand et al. 2011,
Powell et al. 2012). These studies show that worker
discretion has important operational implications (Lu
et al. 2014, Tan and Netessine 2014, Berry Jaeker and
Tucker 2017) and can help improve system perfor-
mance (Kim et al. 2015). Research has also examined
when individuals make decisions different from those
that analytical models assume or recommend. Some-
times these deviations are suboptimal and indicate
bias (for reviews, see Bendoly et al. 2006 and Gino
and Pisano 2008), such as those identified in inventory
management (Schweitzer and Cachon 2000), forecast-
ing (Kremer et al. 2011), or contract structure (Davis
et al. 2014). Despite the potential for bias, the man-
agement coefficients theory (Bowman 1963) postulates
that managers should be allowed to modify decision
rules periodically because managers possess valuable
information regarding the current environment. For
example, van Donselaar et al. (2010) find that store
managers at a supermarket chain deviate from the
automated inventory order recommendations because
of system inadequacy and misaligned incentives, and
these deviations add value by diminishing the costs
of managing workload and stock-outs. We contribute
to and extend this line of work by studying discretion
over a different operational variable (scheduling), by
introducing task and individual dimensions that may
lead to deviation, and by incorporating the time cost
of making decisions. By evaluating the efficiency, not
just the effectiveness, of discretion, our work highlights
the trade-offs between the additional time required to
exercise discretion and the potential gains from doing
so and enables us to understand better the role of dis-
cretion in worker productivity.

3. Discretionary Task Ordering
3.1. Drivers of Deviations from the Assigned

Task Order
Many jobs consist of executing a series of sequential,
independent, and previously ordered tasks. Examples

include doctors seeing patients, mechanics fixing cars,
or back-office processors completing claims. In such
settings, workers often have visibility into the queue
and the ability to deviate from its assigned order,
resulting in discretionary task ordering. Although the
assigned sequence would suggest choosing the next
task in the queue, they may choose a task from the rest
of the queue. We refer to the selection of a task other
than the next as a “deviation.” Workers may choose
to exercise discretion over task ordering when they
believe that the assigned order is not optimal for per-
formance.1 We posit that the tendency to deviate will
depend on attributes of the worker and the queue.

With respect to the attributes of the worker, we
focus on an individual’s work experience. First, with
experience may come the ability to identify queue
inefficiencies and opportunities to improve upon the
assigned order. Significant attention has been given
to the relationship between experience and process
improvement, finding that additional experience typ-
ically leads to learning (Lapré and Nembhard 2010,
Argote and Miron-Spektor 2011). One reason why
experienced individuals show improvement may be
that they recognize more opportunities to change
their work by altering the order in which they com-
plete tasks. Accordingly, as long as the assigned task
sequence is not optimal, individuals should deviate
more often as they gain experience. Second, in addition
to identifying more improvement opportunities, indi-
vidualsmay bemore likely to act upon such opportuni-
ties as they acquire more experience. Notably, workers
gain confidence through experience (Bandura 1977),
and this confidence could encourage them to take
action. These arguments lead to our first hypothesis.

Hypothesis 1. The probability that an individual deviates
from the next task in the queue increases with that individ-
ual’s level of experience.

We next turn to the attributes of the queue. One
task-sequencing strategy that individuals may pursue
is a SEPT policy in which the task that is expected to
take the least time to perform is completed next. There
are operational and behavioral reasons to follow this
policy. Operationally, this scheduling discipline mini-
mizes the average number of jobs in the system and
the average job wait time. Because of its operational
benefits, workersmight opt to improve on these dimen-
sions even if these metrics are not used to evaluate
performance. Behaviorally, individuals may exhibit a
preference for completing easier tasks first even in set-
tings in which their self-interest would be better served
by completing tasks in a different order. For exam-
ple, Amar et al. (2011) find that individuals choose
to pay back smaller debts with lower interest rates
to accomplish completion instead of paying back the
same amount of a larger debt with a higher interest
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rate (and thus saving money). In terms of scheduling
policies, that means that individuals might first take on
what are expected to be the shortest tasks. If workers
reorganize the queue according to SEPT, they will be
more likely to deviate when the remaining queue (i.e.,
the queue excluding the first item) contains the task
type in the queue with the shortest expected process-
ing time.

Hypothesis 2. The probability that an individual deviates
from the next task in the queue is higher when that task is
not of the shortest type in the queue.

A second category of task-sequencing strategies
involves batching—grouping tasks by their types to
increase the repetition of similar activities. After com-
pleting a task, an individual could recognize that a task
further in thequeue isvery similar to the just-completed
task and so choose to complete it next. This batching
could bring benefits in terms of decreased setup time,
even if the required setup is just cognitive (Staats and
Gino 2012). Furthermore, it could also provide process-
ing time benefits, as the relevant knowledge is still in
the individual’s working memory, allowing the indi-
vidual to complete the work quickly and avoid inter-
ruptions (Bendoly et al. 2014, Froehle and White 2014,
Gurvich et al. 2017). Thus, one specific reason to devi-
ate may be the batching of tasks. Batching, however, is
not always possible; the opportunity to batch depends
on the availability of at least one task of the same type
as the predecessor. When the first task in the queue
is of the same type as the predecessor, respecting the
assigned order would automatically bring the benefits
of batching.When the first task in the queue is not of the
same type as the predecessor, one could deviate toward
batching if the rest of the queue contains a repetition of
the previous task type. If individuals have an intention
to batch, then they will be more likely to deviate when
they would not batch by following the first task in the
queue but can batch by deviating.

Hypothesis 3. The probability that an individual deviates
from the next task in a queue is higher when that task is
different from its predecessor and the remainder of the queue
offers an opportunity to repeat the predecessor task type (i.e.,
to batch).

3.2. Performance Implications
At least since the origin of the scientific manage-
ment movement (Taylor 1911), the field of operations
has sought to understand the drivers of performance.
Over time, improvements have been identified inmany
areas, from task scheduling (Pinedo and Yen 1997)
to product variety (Fisher and Ittner 1999) to queu-
ing system design (Gans et al. 2003). Research has
increasingly considered human aspects of operations
management problems (Boudreau et al. 2003), incor-
porating such behavioral factors as workload (KC and

Terwiesch 2009, Powell et al. 2012, Tan and Netessine
2014, Berry Jaeker and Tucker 2017) and team compo-
sition (Huckman et al. 2009, Schultz et al. 2010). Recent
work shows that, under certain conditions, expert dis-
cretion over operational variables can improve deci-
sions (Campbell and Frei 2011, Kim et al. 2015, Phillips
et al. 2015). In this paper, we study how discretion over
task sequence affects task completion time. The com-
pletion time for a person carrying out a task is given
by the setup time plus the processing time. Under dis-
cretionary task ordering, by which individuals select
which task to execute next, setup time includes both
the search time investigating the queue and choosing
a task (task selection time) and the time preparing to
execute the new task (standard setup or changeover).
Processing time represents the “run time” required to
complete the task itself.

We begin by exploring how the exercise of discretion
might improve completion time. To the extent that indi-
viduals deviate to enhance task sequence, we would
expect the exercise of discretion to benefit productiv-
ity. Front-line personnel often have information about
improvement opportunities that is not available to a
central planner (MacDuffie 1997, Tucker 2007, Staats
et al. 2011). For example, delivery drivers may adjust
their daily route after observing a road under construc-
tion during the prior day. Thus, even if we assume that
the queue has been optimally organized by the central
planner with the knowledge that the planner has, the
worker may recognize opportunities to improve upon
that plan because of information asymmetry.Moreover,
manyqueues are not optimally organized to beginwith,
creating more improvement chances. Hence, workers
may deviate to apply generally accepted best practices
for task scheduling. For example, workers can avoid the
cost of switching (e.g., either mental or physical setup
costs) by selecting a task that repeats the predecessor’s
task type (i.e., batching). These improved sequences
may thus result in superior speed.
Hypothesis 4A. Task deviation leads, on average, to faster
completion time.

Although exercising discretion could be beneficial,
it might instead prove distracting. First, by searching
through the queue to choose the next task to complete,
a worker is adding a search cost (task selection time)
to the setup time. Second, switching back and forth
from searching through the queue to executing tasks
could generate cognitive distractions (KC and Staats
2012, Staats and Gino 2012, Froehle and White 2014)
and slow the worker more than the gain from the devi-
ation. In addition, the improvement of task sequence
may be suboptimal if workers do not look for optimal-
ity but rather satisfice—selecting an option meeting
their minimum requirements (Simon 1978). Given the
potential for conflicting performance effects, we offer
the following competing hypothesis.
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Hypothesis 4B. Task deviation leads, on average, to slower
completion time.

Regardless of the average net effect of deviations
on speed, different types of deviations may have
varied effects. We first consider the heterogeneous
effect of deviations across levels of worker experience.
Extensive literature in learning-by-doing shows that
individuals’ performance improves with experience
(Huckman and Pisano 2006, Narayanan et al. 2009).
One activity that individuals may learn through expe-
rience is how to exercise discretion over task sequence.
That is, workers may learn about how to deviate
more effectively and efficiently as they gain experience,
which, in turn, could lead to better deviations in terms
of speed performance. For example, they may develop
better intuition about which task to work on next or
learn how to search through the queue faster to execute
a preferred strategy. Hence, for positive net effects of
deviations on speed, wewould expect the performance
benefit to grow with experience, and for negative net
effects of deviations on speed, we would expect the
performance penalty to be smaller with experience.We
thus hypothesize the following.

Hypothesis 5A. Task deviation leads, on average, to faster
completion time when an individual has greater experience.

Next, we investigate the performance implications
of deviations according to the task selected. We cate-
gorize task-type deviations based on two dimensions
that are consistent with SEPT and batching. Theory
does not generate a clear prediction for the direct effect
of a SEPT policy on completion time. On one side,
research in psychology suggests that completing tasks
motivates (Gal and McShane 2012), and hence SEPT
could be associated with faster speed. On the other
side, individuals might have an expectation regard-
ing the appropriate time to be working on any given
task regardless of its actual complexity. If this expecta-
tion regarding how long a task should take is affected
by the other tasks in their queues, then when select-
ing the shortest task among a given queue, workers
might allow their processing time to expand beyond
or relative to the expected processing time for this
particular task type (Hasĳa et al. 2010). Hence, when
selecting the shortest task (following SEPT), theymight
underadjust their expectation regarding the reasonable
time to be working on such task, leading to a slower
speed after controlling for the actual complexity of the
task. Therefore, following a SEPT policy may affect
efficiency either positively or negatively. Disentangling
these effects is ultimately an empirical question.

What would be the performance consequences of
deviations toward SEPT? Although the direct effect of
SEPT may be theoretically unclear, deviations toward
SEPT are likely performance-decreasing. In terms of

types of deviations, there are reasons to believe that
deviations toward SEPT may be particularly time-
consuming because the search cost of exploring the
queue not only includes looking at the mix of tasks
but also includes making a mental estimation of the
reading time of each task type and a comparison of
those expected times across all tasks. For example,
while deviations toward batching only require an indi-
vidual to search through the queue until a particular
task type is identified, SEPT involves going through
the entire queue, determining the expected processing
time of each task type and contrasting it to the short-
est one identified to that point. In addition, precisely
because deviating toward SEPT requires this consid-
eration of expected processing times for all tasks in
the queue, it may magnify the salience of those other
(longer) tasks in the queue as reference points (Hossain
and List 2012), leading individuals to increase their
expectation for how long a task should take and to sub-
sequently expand the actual processing time to fill this
time (Hasĳa et al. 2010). Thus, we expect deviations to
be worse for performance when they are toward SEPT
than when they are not.

Hypothesis 5B. Task deviation leads, on average, to slower
completion time when the selected task is of the task type
with the shortest expected processing time in the queue.

The final dimension for categorizing deviations is
whether they are toward task-type repetition (i.e.,
batching) or not. To the extent that repetition of task
type is associated with superior performance, one
would expect deviations to bemore effectivewhen they
result in batching than otherwise. Moreover, control-
ling for the direct effect of repetition on speed, devi-
ations toward repetition are expected to be relatively
more efficient. Comparedwith other sequencing strate-
gies that require evaluating the whole queue, con-
trasting different options, or computing certain metrics
(e.g., expected processing time), the strategy based on
task-type repetition only requires searching the queue
to find a specific type, and this search stops as soon as
the first task meeting this requirement is found. Thus,
we expect deviations to be more beneficial when they
are toward task-type repetition (i.e., when the selected
task is of the same type as the predecessor) than when
they are not.

Hypothesis 5C. Task deviation leads, on average, to faster
completion time when there is a task-type repetition.

4. Setting, Data, and Models
4.1. Empirical Setting—Outsourced

Teleradiology Services
We test our hypotheses using transaction-level data
from one of the largest outsourced radiological ser-
vices (teleradiology) firms in the United States. In this
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setting, radiologists seated at computer workstations—
at home or at a reading center—sequentially interpret
“cases,” each of which corresponds to a set of digi-
tal images of a particular technology and anatomical
area for a patient. Technologies used in our setting
include x-rays (electromagnetic waves; 3.68% of our
final sample), CT (84.26%), nuclear medicine (1.01%),
magnetic resonance imaging (MRI; 0.85%), and ultra-
sound (10.20%). The anatomical areas include the
abdomen (5.58%), body (combination of areas; 36.31%),
brain (33.23%), breast (0.01%), cardio (0.2%), chest
(12.78%), gastrointestinal/genitourinary (1.24%), head
and neck (2.44%), musculoskeletal (1.31%), obstetrics
(2.6%), pelvis (0.53%), spine (3.73%), and other (0.04%).
The company receives cases from clients—typically
hospitals or physician group practices—and assigns
the reading of them to individual radiologists on a
round-robin basis following a computer-based algo-
rithm. To be eligible to receive a case, a radiologist
must be trained in the technology and anatomical area,
licensed by the state, and credentialed by the hospi-
tal where the radiological image was created. Given
these requirements, most radiologists in the company
can interpret the majority of cases, are licensed in over
35 states, and are credentialed at one-third of the client
hospitals. Finally, an eligible radiologist must be on
duty and not too backed up when the study arrives.
Conditional on a radiologist meeting the availability
and eligibility requirements, case assignment to radi-
ologists is random.
At any point in time, the radiologists see their own

queue of pending cases.We observe—and control for—
the factors the radiologist observes when deciding
which case to select next. In particular, for each case in
the queue, the radiologist sees the time the case was
assigned to the queue, the technology employed to cre-
ate the images, the anatomical location of the study,
and the number of images. Once a case is assigned
to a particular radiologist, it is not reallocated to
another radiologist. Radiologists work independently
without supervision and only see cases assigned to
them. Because new cases are continually added to this
dynamic queue while radiologists are on duty, radiolo-
gists make a decision, explicitly or implicitly, regarding
which case to read next every time they start a case
rather than reordering all cases at the beginning of a
shift, which could happen in settings where all tasks to
be completed are known initially.

Management expected radiologists to follow a FIFO
policy but did not enforce it, thereby leaving the radi-
ologists free to deviate. Therefore, in this setting, indi-
viduals seeking to improve performance are given a
task schedule based on the random arrival times of
cases and are supposed to follow this order, but they
are allowed to adjust it. Each case represents a well-
defined task, and radiologists have the freedom to

decide which case to work on next. Because the num-
ber of cases in a radiologist’s queue is 5.6, on aver-
age, the radiologist can reasonably inspect the queue
to evaluate alternative sequencing strategies. Although
the company did not provide access to the radiologists
whose work is captured in our data, we interviewed
several radiologists at different institutions with simi-
lar processes to understand how they approached task
deviation. We found that dedicated, individual queues
and the freedom to alter task sequence were common.
These radiologists also indicated that they often chose
to deviate from their assigned task ordering. They pro-
vided different explanations, including a desire to read
faster cases first and an intention to repeat the same
technology–anatomy combination (batching), in line
with Hypotheses 2 and 3. In particular, the radiolo-
gists indicated that they thought batching was help-
ful in the interpretation of images and highlighted the
importance of focusing their attention, if possible, on
a specific anatomical area at a given point in time. In
our final sample described below, half of the deviations
are consistent with these two reasons to deviate. First,
48% of deviations are toward a case of the shortest type
available, consistent with a SEPT scheduling policy.
Second, 15% of deviations are toward a case-type repe-
tition. Deviating toward batching is not always possible
because it is conditional on the case types available in
the remainder of the queue. When batching is possible,
the percentage of deviations consistent with batching
is 46%. Of the cases interpreted, 46% correspond to
SEPT, and 13% are case-type repetitions.

The radiologists in our setting aim to maximize their
overall speed, subject to delivering the correct clini-
cal interpretation. They seek to maximize speed for
both business and clinical reasons. On the business
side, teleradiology companies compete for business on
the promise of fast service. On the clinical side, unlike
some service settings, completion speed is a major
determinant of quality, as timely access to the read-
ing report is often critical for the patient’s referring
doctor to deliver proper treatment. This positive rela-
tionship between speed and quality in healthcare has
been noted in prior work (Pisano et al. 2001). While
radiologists seek to maximize speed, they do so sub-
ject to the constraint of maintaining acceptable qual-
ity. The teleradiology company tracks reading discrep-
ancies, whereby a customer receiving a radiological
report may raise an objection, including minor com-
ments. Such discrepancies are rare, affecting only 0.3%
of the images in our final sample, so it is reasonable to
assume that the clinical quality of the reads is deemed
acceptable.

Numerous features of this research site make it an
ideal setting to explore our questions andmitigate con-
cerns about gaming behavior or other reasons unre-
lated to performance that might cause radiologists to
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prioritize certain cases. First, in this teleradiology com-
pany, there is no preemption. Both the response and
reading times are quick, so radiologists do not inter-
rupt the reading of a case once it is in progress. Sec-
ond, all cases are deemed urgent, so there is no pri-
oritization based on medical emergency. Third, given
the time-sensitivity of the service, cases are not left
in a doctor’s queue before any break longer than 30
minutes or by the end of their shift; therefore, post-
poning a job does not affect the case mix or the work-
load, and there is no need to prioritize shorter cases
due to time constraints. Fourth, the type (technology–
anatomy) corresponding to arriving cases is indepen-
dent of doctors’ speed and the types of cases they
have previously received or completed, addressing any
remaining concern about prioritizing cases by type to
affect case mix. Fifth, there are no financial incentives
to prioritize cases. Radiologists are compensated based
on hours worked and must complete each and every
case in their queue within the shift.2 Sixth, there are
no mandatory order restrictions (such as required pre-
decessor tasks) or external factors (such as collabora-
tion with other individuals; Halsted and Froehle 2008,
Gurvich et al. 2017) that could limit the doctor’s dis-
cretion. Finally, there is no need to reorder cases to put
the images for a single patient together because those
images are grouped into a single case prior to entering
a radiologist’s queue.

4.2. Data
Our data cover all 2,766,209 cases processed by the tel-
eradiology company between July 2005 and December
2007. We observe both the order in which the jobs are
assigned to radiologists and the order in which they
are completed, with differences in the two being due to
a radiologist’s exercise of discretion. For each case, we
observe its characteristics (e.g., technology, anatomy,
number of images), the radiologist who interpreted it,
the time it was assigned to the radiologist, and the time
it was completed. We then reconstruct the set of cases
in a radiologist’s queue at any point in time.
We impose three restrictions on the initial sample.

First, because we seek to study decisions made by radi-
ologists about whether to deviate from the queue, we
limit the sample to those cases that were selected from
a queue of at least two cases. This restriction eliminates
cases that were the only ones in the queue when the
radiologist started them, as there would be no poten-
tial for a radiologist to deviate in such instances. Sec-
ond, we drop cases for which the time elapsed since
the last case exceeds 30 minutes (the 99.5th percentile)
because we assume that it represents a new shift or
break.We do not have records of the exact breaks taken
by the radiologists, who lack fixed schedules and rules
for breaks. Through this restriction, we define a shift
break as a period longer than 30 minutes without com-
pleting a case and drop the first observation for each

shift because the estimated reading timewould include
initial setups. No case is left in the queue at the end
of these shifts, which is consistent with the company
practice of zero backlogs between shifts to ensure qual-
ity of care. Our results are robust to alternative cut-
offs for shift breaks (20, 40, 60, 90, or 480 minutes).
Third, we drop the observations corresponding to four
radiologists, each of whom had less than 100 cases in
the remaining sample. This facilitates convergence of
the model estimation and ensures that the fixed effects
do not introduce bias into unconditional probit esti-
mates (described in the Econometric Models section).
The final sample for our regression analysis includes
2,408,218 cases of 53 unique case types interpreted by
91 radiologists. Table 1 displays summary statistics and
correlations.
4.2.1. Dependent Variables
Deviation from the Assigned Queue Order. DEVIA-
TION is a binary variable indicating whether the indi-
vidual deviated from the assigned order when select-
ing the current case. This variable takes the value of 1 if
the job selected was not the first one in the queue and
0 otherwise. In our sample, doctors deviated from the
order in which the cases were assigned to them 42% of
the time. The radiologistswho deviate themost and the
least deviated 59% and 24% of the time, respectively.
Completion (Read) Time. We capture performance
using the amount of time the radiologist spends read-
ing a case (total time to select and interpret a case). We
estimate this reading time (READTIME) for a case as
the difference between the time when the current case
and the prior case for the radiologist are completed.
When a case is not available in the queue when the
radiologist submits the previous case, we use the time
difference between when the case becomes available
(i.e., the case is assigned to the radiologist) and when
it is completed (i.e., the radiologist submits the report).
This calculation could overestimate reading time for
the first case in a shift; because of this, we ignore the
first case of each shift for each radiologist. If cases are
left in the queue between shifts, our method for calcu-
lating reading time could overestimate reading times;
however, in our setting, no case is available in the queue
when the last case of a shift is completed.

The time stamp is at the minute level; that is, for
each case, we know the minute in which it is assigned
to the radiologist and the minute in which the radi-
ologist completes the reading. When a case exits the
system within the same minute it enters or the prior
case is submitted, the time difference has a zero value.
Because our empirical models use the natural log of
read time, and the logarithm of zero is not defined, we
add 1 to all values (Allcott and Sweeney 2017), which
is equivalent to rounding up the estimated reading
time. The average estimated reading time per case is
3.75 minutes.
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Table 1. Descriptive Statistics (n � 2,408,218)

Variable Definition Mean Std. dev. Min Max

(1) READTIME (minutes) Amount of time (in minutes) spent working on the current case;
this is the completion time

3.755 3.812 0 30

(2) DEVIATION (indicator) Whether the worker deviates from the assigned order and
selects a case other than the first one in the queue

0.419 0.493 0 1

(3) QSIZE (count) Length of radiologist’s queue (i.e., count of pending jobs) when
selecting the current case to be read next

5.553 3.791 2 58

(4) QVARIETY (index 0-1) Variety of case types in the queue, measured as 1 minus the
Herfindahl index of different case types in the queue

0.556 0.198 0 0.918

(5) NUM_IMAGES (count) Number of images in the current case 1.414 0.598 1 17
(6) ORDER_IN_SHIFT (count) Case number in the shift—the number of cases read by the

radiologist since the shift start, including the current case
57.653 51.612 2 459

(7) RESTART (indicator) Whether the queue was empty when the previous case was
finished

0.013 0.114 0 1

(8) EXPERIENCE (years) Employee job tenure in years (with decimals), measured from
the number of days that the radiologist has been working at
the firm when interpreting the current case

1.906 1.234 0 5.501

(9) SEPT_OPPTY (indicator) Whether the first case in the queue is not of the SEPT type within
the queue

0.635 0.481 0 1

(10) SEPT (indicator) Whether the current case is of the SEPT type within the queue 0.455 0.498 0 1
(11) REPEAT_OPPTY (indicator) Whether the first case in the queue is different from the case just

finished by this radiologist, but it is possible to repeat prior
type by choosing another case in the queue

0.206 0.404 0 1

(12) REPEAT (indicator) Whether the current case is of the same type as the case just
finished by this radiologist (batching)

0.125 0.331 0 1

(1) (2) (3) (4) (5) (6) (7) (8) (9) (10) (11)

(2) −0.046
(3) −0.242 0.200
(4) −0.186 0.157 0.430
(5) 0.182 −0.088 −0.031 −0.239
(6) −0.177 0.042 0.159 0.046 0.043
(7) 0.159 0.136 −0.084 −0.056 −0.032 −0.019
(8) −0.054 0.068 0.109 0.071 −0.007 −0.053 −0.013
(9) −0.025 0.169 0.213 0.398 0.136 0.048 0.001 0.043
(10) −0.050 0.048 −0.189 −0.335 −0.392 −0.056 0.069 −0.014 −0.545
(11) −0.065 0.104 0.193 0.226 −0.002 0.007 −0.016 0.039 0.308 −0.155
(12) −0.092 0.070 0.024 0.031 −0.257 −0.040 0.011 0.013 −0.116 0.307 0.203

Notes. The unit of analysis is an individual case. Expected processing time is calculated as the average reading time for the given case type
(technology and anatomy) for the focal radiologist. A case is a repetition if it is of the same type as the previous case read by the radiologist.
We do not consider a repetition of the anatomy categories “body” or “other” as a repetition, since each case in these categories is unique. We
compute whether there is a repetition using the full sample before imposing the restrictions described in the Data section.

4.3. Identification Strategy
Our field data allow us to establish external validity,
identify effect sizes, overcome observer bias, and study
the phenomenon in a rich context over a relatively long
time period. One challenge with these data, however, is
that the decision to deviate from the assigned order is
possibly endogenous. Specifically, there may be unob-
served factors that affect both the decision to deviate
and performance in terms of the reading time for a
case, which is illustrated in Figure 1. Disregarding this
endogeneity could lead to bias. We address this chal-
lenge by exploiting a set of instrumental variables and
estimating an endogenous treatment-regression model
(Heckman 1978, Maddala 1983) composed of an equa-
tion for the treatment (i.e., the decision to deviate from
the first case in the queue) and an equation for per-
formance. The performance equation is identified if

and only if at least one exogenous regressor excluded
from this equation has a nonzero coefficient in the
other (i.e., deviation) equation. This is known as the
rank condition. This simultaneous equation system can
be interpreted as using instrumental variables for the
endogenous regressor (DEVIATION). A valid instru-
ment must have two characteristics: first, it must be
exogenous—that is, contemporaneously uncorrelated
with the error, influencing the outcome (i.e., perfor-
mance) only through the deviation decision—and sec-
ond, it must be correlated with the endogenous vari-
able, DEVIATION.

We present a novel approach to identify valid instru-
ments to study discretion in queuing settings. Specifi-
cally, we propose that the choice to exercise discretion
is affected by the composition of the tasks within the
queue, and, when exogenous, such composition can
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Figure 1. Causal Diagram

READTIMEDEVIATION

SEPT_OPPTY (H2), REPEAT_OPPTY (H3),
First case–type FE

EXPERIENCE (H1 and H5A)

H1

H2 and H3

H4

Unobserved factors

H5B–C

H5A

SEPT (H5B),
REPEAT (H5C)

Controls: QSIZE, QVARIETY, NUM_IMAGES, ORDER_IN_SHIFT, RESTART,
Current case–type FE, radiologist FE, day of week FE, year FE

Notes. The instrumental variables used to account for the endogeneity of the decision to deviate (DEVIATION) on performance (READTIME)
are SEPT_OPPTY, REPEAT_OPPTY, and first case–type fixed effects. FE, fixed effects.

generate valid instruments. It is precisely these queue
contents that allow the use of discretion, determining
the options available to the decision maker. For exam-
ple, queues with only one item do not allow for discre-
tion regarding which item to select. Queues with only
one type of item do not allow discretion over which
task type to work on. Alternatively, queues that offer
a choice of different opportunities (in terms of types
of items, sequencing strategies, or other dimensions)
provide the opportunity to employ discretion. When
queue contents are exogenous, certain queue charac-
teristics may be valid instruments. This approach can
be applied to different types of decisions involving
queues. For example, the exogenous arrival of a new
task in a queue during the processing of a given task
could be used as an instrument to study task interrup-
tions and preemption.
We use multiple queue characteristics to instrument

for deviation from the next case in the queue. The
first instrumental variable is the opportunity to devi-
ate to follow a shortest expected processing time policy
(SEPT_OPPTY) because of the availability of a shorter
case in the remaining queue. To the extent that a radi-
ologist might pursue a SEPT policy, the opportunity
to do so by deviating will affect the decision to devi-
ate. SEPT_OPPTY is positively correlated with DEVI-
ATION (see Table 1). On average, radiologists deviate
48% of the time when there is an opportunity to fol-
low a SEPT policy by deviating, while they only devi-
ate 31% of the time when such opportunity does not
exist (see Table 2). Thus, there is a 17-percentage-point
difference in the deviation rate between the decisions
made when the first case is the shortest in the queue

versus when it is not. At the same time, SEPT_OPPTY
does not directly affect performance.

The second instrumental variable is the opportunity
to deviate to repeat the task type (REPEAT_OPPTY).
REPEAT_OPPTY is positively correlated with DEVI-
ATION (see Table 1). On average, when there is an
opportunity to repeat case type only by deviating, radi-
ologists deviate 52% of the time, while they only devi-
ate 39% of the time when such opportunity does not
exist (see Table 2). There is thus a 13-percentage-point
increase in deviation associated with the presence of
an opportunity to batch by deviating. At the same time,
REPEAT_OPPTY does not directly affect performance.

Our final set of instrumental variables captures the
case type of the first case in the queue. Doctors may
be more likely to choose (by deviating or not) certain
task types. The more attractive the type of the first case

Table 2. Observed Deviation Rate for Cases Selected Among
Different Queues

Queue characteristic used Percentage of Percentage of
as instrumental deviations if deviations if
variable (IV) IV� 0 (%) IV� 1 (%)

Opportunity to follow SEPT 30.9 48.3
(SEPT_OPPTY)

Opportunity to repeat case type 39.3 52.1
(REPEAT_OPPTY)

First case–type indicators 41.0–44.8 33.0–78.3

Note. This table describes the percentage of decisions (n � 2,408,218)
regarding which case to work on next among queues of different
characteristics in which the radiologist deviated from the next case
in the queue (DEVIATION� 1).
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in the queue, the more likely the radiologist would
be to select this case next and thus the less likely the
radiologist would be to deviate. Therefore, the case
type of the first case in the queue is expected to affect
the decision to deviate from the queue.3 At the same
time, after controlling for the case type of the selected
case, the case type of the first case in the queue does
not directly affect performance. This corresponds to
the case that was supposed to be read next (accord-
ing to the assigned order, had the radiologist not devi-
ated) while the speed of the read will only depend
on the type of case selected and actually read—a fac-
tor for which we control. In conclusion, there is sub-
stantial support for the validity of these variables as
instruments.
Using this instrumental variables approach, the esti-

mates represent the average performance effect of devi-
ation for the subgroup of task selections affected by
these instruments. The identification is driven by a
comparison of differences in the reading times among
cases with similar observable characteristics (e.g., same
type, interpreted by the same radiologist) but forwhich
the doctor deviated or did not deviate to select them
because of the different queue characteristics related
to (1) opportunities to follow a SEPT policy by deviat-
ing, (2) opportunities to repeat case type by deviating,
and (3) the default choices as represented by the type
of the first case in the queue. These instruments pro-
vide variation that is likely to capture many deviations.
First, the large number of instruments employed has
the advantage of increasing the subset of tasks consid-
ered in estimating the effect, which thus represents a
larger portion of the overall population of tasks. Sec-
ond, and more importantly, the type of the first case
of the queue affects a broad set of decisions to devi-
ate because any such decision will compare the default
option (given by the first task in the queue) with the
remaining options (given by the rest of the tasks in the
queue). Accordingly, choosing a different task from
the first one (i.e., deviating) is equivalent to rejecting
the first task. Although these instruments might not
apply to all deviation decisions, they have the potential
to affect the large majority of decisions.

4.4. Econometric Models
As discussed in the prior section, we examine work-
ers’ decisions to deviate from the assigned queue
order and the subsequent performance implications
by estimating an endogenous treatment regression
model (Heckman 1978, Maddala 1983) composed of
two equations—a probit model for the treatment (i.e.,
the decision to deviate) and a log-linear regression
model for speed performance:

DEVIATIONi j �

{
1 if Xi jβ+ εi j > 0,
0 otherwise,

(1)

ln(READTIMEi j)� δDEVIATIONi j +X′i jβ
′
+ ui j . (2)

Here, i and j denote radiologists and cases, respec-
tively, and the random disturbance terms εi jt and ui j
are bivariate normal with mean zero and covariance
matrix

[ 1 ρσ

ρσ σ2

]
.

The vectors of covariates Xi j and X′i j include fixed
effects for radiologist (to control for time-invariant
radiologist characteristics), day of week, calendar year,
and case type (defined by the unique combinations of
technology and anatomy of the case, to control for het-
erogeneity in attractiveness and average reading time
across case types); the number of years the radiolo-
gist has been working at the company (EXPERIENCE);
and controls for (a) the number of cases in the radiolo-
gist’s queue when the current case is selected (QSIZE),
which captures both a radiologist’s range of options
as well as the workload and is, therefore, expected to
affect both the decision to deviate and performance;
(b) the case-type variety in the queue (QVARIETY),
representing alternative options for the individual to
choose from; (c) the number of images in the current
case (NUM_IMAGES), as a larger number of images
involves additional reading time and could, therefore,
affect the likelihood of deviation; (d) the number of
cases read by the radiologist since the beginning of the
current shift (ORDER_IN_SHIFT), as each additional
case contributes to both warm-up and fatigue over the
course of the shift; and (e) an indicator for whether the
queue was empty when the previous case was finished
(RESTART), accounting for the warm-up effects after
being idle for a short period within a shift. This restart-
ing is infrequent in our sample, occurring in only 1%
of cases, and is not included in the deviation model
because it perfectly predicts the outcome.

In addition to these common covariates, Xi j in the
deviation model includes our instrumental variables:
an indicator for whether the first case in the queue does
not have the shortest expected processing time within
the queue (SEPT_OPPTY), an indicator for whether
there is an opportunity to repeat case type but only by
selecting a case from the queue other than the first one
(REPEAT_OPPTY), and indicators for the type of the
first case in the queue. Finally, in the extendedmodel to
test Hypotheses 5A–5C, X′i j in the performance model
also includes (a) the indicator variable SEPT, which
equals 1 if the case read corresponds to the shortest
case type in the queue and 0 otherwise; (b) the indica-
tor variable REPEAT, which equals 1 if the prior case
was of the same type as the current one and 0 oth-
erwise; and (c) interaction terms of DEVIATION with
EXPERIENCE, SEPT, and REPEAT.

We note four important points regarding the empir-
ical specification. First, the simultaneous equation sys-
tem takes into account the fact that the deviation
decision is determined within the model rather than
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predetermined. Given that DEVIATION is potentially
endogenous, ordinary least squares should not be
applied to estimate the performance equation because
the estimators would potentially be not only biased
but also inconsistent. The maximum likelihood esti-
mator of the simultaneous equation system presented
is consistent (Heckman 1978, Maddala 1983). Second,
becausewe do not have ameasure of radiologists’ expe-
rience prior to joining the company, Equation (2) uses
the exponential learning curve model, which prevents
bias from our lack of information about prior experi-
ence (Lapré and Tsikriktsis 2006). Third, although the
maximum likelihood estimator in the presence of fixed
effects in discrete choice models shows a finite sample
bias when the number (T) of observations per individ-
ual is very small (i.e., the incidental parameters prob-
lem), this bias declines rapidly as T increases beyond
3 and is negligible for large T (Greene 2004). Given
that we have a deep panel with an average of 26,464
cases per radiologist and at least 239 cases per radiol-
ogist, the only problem estimating unconditional fixed
effects is computational. Finally, although the depen-
dent variable completion timewould suggest that a sur-
vival model could be used (Lu et al. 2014), we do not
have a censoring or truncation problem. Hence, a log-
linear model is appropriate.

5. Results and Discussion
5.1. The Determinants of Deviations
To investigate the drivers of deviations from the queue,
probit maximum likelihood estimates of Equation (1)
are shown in Table 3. Because our dependent vari-
able is binary, we use probit regression, but a linear
probability model yields similar inferences. Average

Table 3. Drivers of Deviations (Dependent Variable � DEVIATION)

(1a) (1b) (2a) (2b) (3a) (3b)
Coefficients AME Coefficients AME Coefficients AME

QSIZE 0.0524∗∗∗ 0.0184 0.0521∗∗∗ 0.0183 0.0512∗∗∗ 0.0180
(0.0039) (0.0039) (0.0038)

QVARIETY 0.4408∗∗∗ 0.1550 0.4307∗∗∗ 0.1512 0.3447∗∗∗ 0.1210
(0.0220) (0.0211) (0.0195)

NUM_IMAGES −0.0103 −0.0036 −0.0084 −0.0030 −0.0079 −0.0028
(0.0100) (0.0101) (0.0101)

ORDER_IN_SHIFT −0.0004∗∗∗ −0.0001 −0.0004∗∗∗ −0.0001 −0.0004∗∗∗ −0.0001
(0.0001) (0.0001) (0.0001)

EXPERIENCE 0.2195∗∗∗ 0.0771 0.2201∗∗∗ 0.0773
(0.0158) (0.0158)

SEPT_OPPTY 0.0685∗∗∗ 0.0241
(0.0068)

REPEAT_OPPTY 0.0436∗∗∗ 0.0154
(0.0046)

Notes. This table reports the results from maximum-likelihood probit estimation. The unit of observation is a radiologist’s case. The number
of observations is 2,408,218. Robust standard errors (in parentheses) are clustered by radiologist. All specifications include fixed effects for
case type (technology and anatomy) of the first case in the queue, case type of the focal case (i.e., the case selected and read), radiologist, day
of week, and year.
∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.10.

marginal effects (AMEs) are provided next to the cor-
responding coefficients. Standard errors are clustered
at the radiologist level. In the baseline model (col-
umn (1)), we only include the controls. The estimated
coefficient on the length of the queue (QSIZE) is posi-
tive and significant; it may be that larger queues offer
more opportunities to deviate or that they create work-
load pressures that lead a radiologist to choose to devi-
ate. It is possible that the use of discretion could be
part of what leads to the eventual “speed-up” effect
observed with larger queues (KC and Terwiesch 2009,
Staats and Gino 2012, Delasay et al. 2017). The mag-
nitude of the average marginal effect implies that one
more case pending in the queue increases the proba-
bility of deviating by 1.84 percentage points (a 4.39%
increase when compared with the sample average of
41.9%). Keeping the size of the queue fixed, individ-
uals adhere to the queue order less frequently as the
variety of different case types available within the radi-
ologist’s queue (QVARIETY) goes up; this result is con-
sistent with greater options creating more opportuni-
ties for radiologists to exercise their discretion over
task scheduling. Specifically, all else constant (includ-
ing queue length), a one-unit increase in the variety of
the queue increases the probability of deviating from
the queue by about 15.50 percentage points (a 36.99%
increase compared with the sample average of 41.9%).
In addition, the coefficient estimate for the number of
images (NUM_IMAGES) is not statistically significant,
while the coefficient estimate for the position within
the radiologist’s shift (ORDER_IN_SHIFT) is negative
and statistically significant.

To test the hypothesis that worker characteristics
affect adherence to the assignedwork order, radiologist
EXPERIENCE is included in column (2). The results
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show that longer tenure at the company is associ-
ated with a higher likelihood of deviation, which sup-
ports Hypothesis 1. An additional year of experience
increases the probability of deviating by 7.71 percent-
age points (an 18.40% increase when compared with
the sample average of 41.9%). We measure experience
by the number of years that the radiologist has worked
at the company because it allows us to capture expe-
rience prior to our sample period, and it is a common
measure in the literature (Tucker et al. 2007). Using a
radiologist’s case volume as an alternative measure of
experience yields similar results.
We next explore the impact of queue characteris-

tics on deviation, looking at two particular deviation
strategies—deviation toward the shortest cases and
deviation toward batching of case types (column (3)).
Including an indicator for whether the first case in the
queue is inconsistent with a SEPT policy, thereby cre-
ating an opportunity to follow SEPT by deviating (i.e.,
SEPT_OPPTY � 1), we find that the predicted proba-
bility of deviating from the assigned order is higher
when the first case in the queue is not the shortest case
in the queue, supporting Hypothesis 2. The average
marginal effect suggests that having an opportunity to
follow a SEPT policy by deviating boosts the proba-
bility of deviation by 2.41 percentage points, increas-
ing the average predicted probability of deviation from
40.87% to 43.28%. The results also indicate that indi-
viduals are more likely to deviate when the first case
in the queue is not of the same type as the predeces-
sor but the remainder of the queue offers an oppor-
tunity to repeat (i.e., REPEAT_OPPTY � 1), which is
predicted by Hypothesis 3. The average marginal effect
indicates that having an opportunity to batch by devi-
ating from the queue increases the probability of devi-
ation by 1.54 percentage points, increasing the average
predicted probability from 42.10% to 43.64%.

5.2. The Impact of Deviations on Performance
To study the impact of deviations on performance, we
estimate Equations (1) and (2) jointly via maximum
likelihood (column (1) of Table 4). Using a control-
function estimator provides equivalent results. Stan-
dard errors are clustered by radiologist. The Wald
test of independent equations indicates that we can
reject the null hypothesis of exogeneity of deviation
(p < 0.0001). The estimated correlation between the
treatment-assignment errors and the outcome errors,
ρ, is negative, indicating that unobservables that
increase reading time tend to occur with unobserv-
ables that reduce deviation occurrence (negative bias).
Accounting for the endogeneity of the deviation deci-
sion is important in obtaining consistent estimates of
the deviation effect on reading times. For each addi-
tional case in the queue (QSIZE), the average reading
time decreases, all else equal, by about 2.9% on average.

For a one-unit increase in QVARIETY, there is a 20%
decrease in completion time. Reading time increases
for each additional image (NUM_IMAGES) included
in the case by about 18.7% and decreases over the
course of a given shift (ORDER_IN_SHIFT) although
by a small amount on a case-by-case level. We find evi-
dence of learning-by-doing; on average, an additional
year of EXPERIENCE decreases reading time per case
by 5.4%, holding all else constant. On average, read-
ing time per case more than doubles after a temporary
period of zero workload because of restarting effects
(RESTART). Turning to ourmain independent variable,
we find that, on average, DEVIATION is associated
with slower reading times. Compared with cases that
are first in queue, cases that are deviations take 13.3%
longer on average. This supports Hypothesis 4B rather
than Hypothesis 4A in our setting. These results pro-
vide evidence of the cost of exercising discretion and
call for managerial and academic attention.

Although they tend to worsen performance, devia-
tions from the queue are frequent. Why do individ-
uals take actions that ultimately work against their
own interests? To understand this question (and test
Hypotheses 5A–5C), we estimate a model that dis-
tinguishes the effects of different types of deviations.
Column (2) of Table 4 shows the results from maxi-
mum likelihood estimation of the simultaneous equa-
tion system. The predicted mean reading times per
case (in minutes) derived from this model are shown
in Table 5.
Worker Experience. We first discuss the heteroge-
neous effects of deviations by worker experience (see
Table 5, panel A). We find that tenure ameliorates the
negative effect of deviation on performance, consistent
with Hypothesis 5A and suggesting that radiologists
may be more efficient at deviating or choose better
types of deviations as they become more experienced.
At each integer level of years of experience, deviations
have a higher predicted mean reading time than cases
in which the radiologist follows the assigned queue
order, suggesting that learning about how to deviate
does not overcome the net cost of deviating in our
sample. The predicted mean reading time for devia-
tions after three years at the company is equivalent to
the prediction for adherence to the assigned order by
newcomers in their first year (χ2(1) � 0.60, p � 0.4405),
indicating that the deviation penalty is large enough to
suppress the learning from two years of experience.

The overall effect of experience on the performance
impact of deviations depends on how experience
affects both the individual impact of each deviation
and the frequency with which they occur. To evaluate
this, we consider how productivity changes for a radi-
ologist over the course of a year.We combine the results
from the deviation and the performance models. A
one-year increase in experience from the average (two
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Table 4. Performance Implications of Deviations and Task Sequence
(Dependent Variable � ln(READTIME))

(1) (2) (3) (4)
ML ML OLS OLS

QSIZE −0.0290∗∗∗ −0.0280∗∗∗ −0.0267∗∗∗ −0.0265∗∗∗
(0.0023) (0.0022) (0.0020) (0.0020)

QVARIETY −0.2230∗∗∗ −0.1894∗∗∗ −0.1997∗∗∗ −0.1643∗∗∗
(0.0146) (0.0141) (0.0139) (0.0137)

NUM_IMAGES 0.1714∗∗∗ 0.1711∗∗∗ 0.1711∗∗∗ 0.1710∗∗∗
(0.0061) (0.0062) (0.0063) (0.0063)

ORDER_IN_SHIFT −0.0003∗∗∗ −0.0004∗∗∗ −0.0004∗∗∗ −0.0004∗∗∗
(0.0001) (0.0001) (0.0001) (0.0001)

EXPERIENCE −0.0560∗∗∗ −0.0487∗∗∗ −0.0459∗∗∗ −0.0461∗∗∗
(0.0128) (0.0124) (0.0125) (0.0125)

RESTART 0.8412∗∗∗ 0.8336∗∗∗ 0.8688∗∗∗ 0.8682∗∗∗
(0.0195) (0.0195) (0.0179) (0.0179)

DEVIATION 0.1250∗∗∗ 0.0875∗∗∗
(0.0158) (0.0146)

EXPERIENCE×DEVIATION −0.0090∗∗∗
(0.0035)

SEPT 0.0161∗∗∗ 0.0344∗∗∗
(0.0051) (0.0049)

SEPT×DEVIATION 0.0373∗∗∗
(0.0047)

REPEAT −0.0099∗∗ −0.0170∗∗∗ −0.0171∗∗∗
(0.0047) (0.0048) (0.0048)

REPEAT×DEVIATION −0.0170∗∗∗
(0.0048)

ρ −0.0850∗∗∗ −0.0441∗∗∗
ρ standard error (0.0129) (0.0105)
Test ρ � 0 (p-value) 0.0000 0.0000

Notes. Columns (1) and (2) report the results from joint maximum-likelihood (ML) estimation of the
performance model (probit deviation model with full specification, such as in column (3) of Table 3,
not shown). Columns (3) and (4) report the results from ordinary least squares estimation of the
performance model. The unit of observation is a radiologist’s case. The number of observations is
2,408,218. Robust standard errors (in parentheses) are clustered by radiologist. All models include
fixed effects for case type (technology and anatomy) of the focal case (i.e., the case selected and read),
radiologist, day of week, and year. The probit models also include fixed effects for the case type of the
first case in the queue.
∗∗∗p < 0.01; ∗∗p < 0.05; ∗p < 0.10.

years) increases the frequency of deviation by 7.71 per-
centage points, from 41.9% to 49.6%. At the same time,
it reduces the penalty associated with each deviation,
from a 9% increase in reading time (compared with
cases that are first in queue) to an 8% increase. Com-
bined, these results suggest that a one-year increase of
experience from the average results in a 5% decrease
in reading times, on average. Given that, on average,
a radiologist interprets approximately 11,000 cases per
year, the time saved during a year by an additional year
of experience corresponds to 33 hours. If the deviation
tendency had not increased, the one additional year of
experience would have delivered a productivity boost
of 37 hours (i.e., 4 extra hours). Thus, experience still
leads to better performance, but the improvement is
lower than what would have happened if the deviation
tendency had not increased.

To understand how the contents of the queue affect
the performance impact of exercising discretion, we
next consider two deviation strategies that depend on
queue contents: (1) choosing the shortest case in the
queue and (2) repeating case type.
SEPT. According to Table 5, panel B, following SEPT
increases the predicted mean reading time by 2%
and 5% for nondeviations and deviations, respectively
((3.83− 3.77)/3.77 � 0.02 and (4.26− 4.04)/4.04 � 0.05).
The deviation penalty corresponds to 11% and 7%
of the reading time when following SEPT and oth-
erwise, respectively, based on the second and first
rows of the table ((4.26 − 3.83)/3.83 � 0.11 and (4.04 −
3.77)/3.77 � 0.07). Therefore, our results suggest that
following a SEPT policy hurts performance, in general,
and increases the performance penalty of deviations,
supporting Hypothesis 5B.
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Table 5. Predicted Mean Reading Time (in Minutes) per Case

No deviation Deviation
(DEVIATION� 0) (DEVIATION� 1) Difference

Panel A: By number of years of experience
One year of EXPERIENCE 3.97 4.35 0.39 (10%)
Two years of EXPERIENCE 3.78 4.11 0.33 (9%)
Three years of EXPERIENCE 3.60 3.88 0.28 (8%)
Four years of EXPERIENCE 3.43 3.66 0.23 (7%)
Five years of EXPERIENCE 3.27 3.46 0.19 (6%)

Panel B: By whether following a SEPT policy
Not the shortest case (SEPT� 0) 3.77 4.04 0.27 (7%)
Shortest case (SEPT� 1) 3.83 4.26 0.43 (11%)

Panel C: By whether repeating the case type of the predecessor
No repetition (REPEAT� 0) 3.80 4.15 0.35 (9%)
Repetition (REPEAT� 1) 3.77 4.04 0.27 (7%)

Panel D: By whether following a SEPT policy and/or repeating case type
Not the shortest case, no repetition 3.78 4.05 0.28 (7%)
Not the shortest case, repetition 3.74 3.95 0.21 (6%)
Shortest case, no repetition 3.84 4.28 0.44 (11%)
Shortest case, repetition 3.80 4.16 0.36 (10%)

Notes. These tables report the predicted mean reading time (in minutes) per case based on the per-
formance model in column (2) of Table 4. The difference within row represents deviation versus
nondeviation. The difference within column shows learning (panel A), the effect of SEPT (panel B), the
effect of task-type repetition (panel C), and the effects of alternative task sequences in terms of SEPT
and REPEAT (panel D). In panel C, the first column compares repetitions versus nonrepetitions when
there is no deviation, and the second column compares repetition versus nonrepetition when there is
deviation. In panel D, the first column compares task sequences (in terms of SEPT and REPEAT) when
there is no deviation, and the second column compares task sequences (in terms of SEPT and REPEAT)
when there is deviation.

Repetition of Case Type. A common reason cited by
radiologists for deviation is the desire to batch cases
of the same type. As discussed above, research docu-
ments that task repetition is associated with improved
performance; this is the argument behind why an
individual would choose to deviate toward batching
(Hypothesis 3). To analyze the impact of batching
on performance without accounting for the deviation
choice (and hence, without a deviation model), we
run an ordinary least squares model of completion
time. We find that, all else constant, average reading
times per case tend to be 1.7% lower for those cases
that are repetitions of the prior case type than for
those cases that are not repetitions (columns (3) and
(4) of Table 4). This confirms that the general finding
of batching being associated with improved perfor-
mance holds in this setting. Given these results, as well
as the aforementioned received wisdom of operations
management, knowledgeable individuals might con-
clude that they should use their discretion to increase
the number of repetitions—and reduce the number of
case type “setups”—by reordering tasks. The question
thus becomes whether these deviations toward batch-
ing are, in fact, beneficial for performance.
To answer this question, we return to our simul-

taneous-equations system and compare the predicted
mean reading times depending on whether the case

is a repeat of the prior case type and whether it rep-
resents a deviation from the assigned queue order
(see Table 5, panel C). When adhering to the assigned
sequence, the predicted mean reading time per case
is 1% lower when there is a natural (i.e., without
deviation) repetition of case type than when there is
neither repetition nor deviation (left column, (3.77 −
3.8)/3.8 � −0.01, χ2(1) � 4.49, p � 0.0340). Conditional
on deviating, the predicted mean read time is 3%
lower when there is a repetition than otherwise (right
column, (4.04 − 4.15)/4.15 � −0.03, χ2(1) � 19.00, p <
0.0001). Thus, the results corroborate that batching is
generally associatedwith superior performance. Batch-
ing tends to hurt performance, however, when it is the
result of queue reordering; the predictedmean reading
time is 6% higher when the radiologist deviates from
the queue to take a case that creates a repetition (bot-
tom right cell) compared with cases in which a radiol-
ogist neither deviates nor batches (top left cell, (4.04−
3.8)/3.8 � 0.06, χ2(1) � 18.42, p < 0.0001). Although
detrimental, this deviation penalty is smaller than the
9% increase in predicted mean reading time when
deviating from the queue by taking a case that is not a
repetition (top row, (4.15−3.8)/3.8� 0.09, χ2(1)� 43.06,
p < 0.0001). Overall, these results support Hypothe-
sis 5C and suggest that deviations toward batching
are less detrimental than other deviations but still
have a negative net effect on performance compared
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with adhering to the original order. Hence, contrary to
expectations that commonly overlook the costs of exer-
cising discretion, with respect to completion time, we
find that radiologists should forgo deviations that are
aimed at taking advantage of batching. Radiologists
would complete their reads faster, on average, if they
did not deviate to take advantage of batching, as the
benefit of repetition does not compensate for the cost
associated with reordering the queue in this setting.

5.3. Evaluating Alternative Policies
We evaluate the overall impact of deviations on pro-
ductivity using the predicted reading times from
Table 5, panel D to compare the status quo (cur-
rent deviation policy) with three benchmarks involv-
ing no deviations. Each benchmark considers a cen-
tralized ordering policy with a different assigned task
sequence.
Original Sequence. We estimate the reading time for
each case based on the values that REPEAT and SEPT
would have had if the radiologists would have fol-
lowed the assigned queue order, in which SEPT was
computed over the average queue (five cases), which
includes the current case and the next four cases. The
resulting average reading time is 3.79% below that
corresponding to the status quo. The improvement in
speed would have saved 2,494 hours per year for the
company. These time savings translate into 39,434 cases
per year of additional reading, or an estimated $451,385
salary savings per year for the company.4 Translated
to the bottom line, these savings would have increased
annual profits by 3.1%.
REPEAT and SEPT Sequence. The second benchmark
is a policy that batches tasks of the same type
together and sequences the resulting batches within
the shift in order of increasing expected processing
time. Although SEPT is associated with lower perfor-
mance in our setting, radiologists show a tendency
toward this policy. This policy might gain doctors’
acceptance because it uses their revealed preferences,
hence reducing their desire to deviate from the queue.
Compared with the status quo, this policy implies a
2.97% decrease in reading times. Over the course of
a year, this represents 1,957 hours saved, 30,691 addi-
tional cases read, $354,278 of labor cost savings, and a
2.4% increase in annual profits
REPEAT Without SEPT Sequence. Although a policy
that sequences similar tasks together and longer tasks
first could be harder to implement, as radiologists
exhibit a tendency toward prioritizing those tasks they
expect to complete faster, SEPT is generally associated
with lower performance in our setting. Hence, on the
basis of our empirical results, this policy is expected
to be the best. Compared with the status quo, this pol-
icy implies a 4.27% decrease in reading times. Over the

course of a year, this accounts for 2,809 hours saved,
44,640 additional cases, and an estimated $508,426 of
labor cost savings. Translated to the bottom line, these
savings would have increased annual profits by 3.5%.

5.4. Other Dimensions of Performance
Our analysis focuses on short-term speed perfor-
mance—the primary concern of managers in this
company. An important question is how deviations
affect other dimensions of performance—specifically,
longer-term speed, employee turnover, and quality. We
find that other performance dimensions are mostly
unaffected.

First, we examine the effects of deviations on longer-
term speed performance. Using extensions of our full
simultaneous-equations model, we find that past devi-
ations (measured as either deviations as a proportion
of total cases prior to the current case or deviations as
a proportion of total cases prior to the current shift)
do not affect current speed. In addition, despite the
detrimental instantaneous effect of SEPT on the cur-
rent reading, deviating toward SEPT could have an
effect on subsequent tasks by “alleviating” the work
of the radiologist. To explore such a delayed effect of
SEPT on subsequent tasks, we look at the effect of past
SEPT—measured as lagged SEPT (i.e., an indicator for
whether the prior case interpreted by this radiologist
corresponded to SEPT), two lags, three lags, or the pro-
portion of cases that were consistent with SEPT since
the beginning of the shift—on current reading time
and find that it is associated with slower speed. Thus,
SEPT (and hence deviating toward SEPT) does not help
future speed.

Second, we examine employee turnover. Departure
is infrequent in our sample, with only 6% of radiol-
ogists not interpreting cases by the end of the sam-
ple. On the basis of logistic and survival analysis,
the radiologists’ deviations do not predict whether
they depart. Hence, it is reasonable to conclude that
turnover remains largely unaffected by task sequenc-
ing choice.

Third, we look at the effect of deviations on quality,
measured by whether there was a discrepancy found
for the case.We find that quality is not affected by devi-
ations. Furthermore, there is no evidence of the two
specific task sequence strategies—SEPT andREPEAT—
affecting quality.

5.5. Why Deviate When It Hurts
Given these findings, why would individuals deviate
from their assigned queue order? In the case of fol-
lowing a SEPT policy, there are likely two main rea-
sons. One is that individuals might pursue an alter-
native performance metric, perhaps seeking to reduce
client waiting time rather than reading time. In our
setting, this was not a strategy the company expected
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(nor wanted) the radiologists to follow, as the waiting
time could be kept under control by adjusting the pool
of radiologists on duty. An alternative explanation is
that individuals misperceived the implications of fol-
lowing a SEPT approach. We note the negative corre-
lation between DEVIATION and READTIME; it is not
until we control for case–type fixed effects that the rela-
tionship becomes positive. Hence, precisely because
doctors are switching toward shorter cases when they
choose the shortest cases within the queue, a SEPT pol-
icy may create the mental illusion of working faster.
Conditional on a particular case type being selected,
the reading time tends to be higher when it has the
shortest expected processing time within the queue,
but this outcome may be difficult for the individual to
anticipate or observe.
In the case of batching, our analysis illustrates a

phenomenon that could disentangle the paradox sur-
rounding the detrimental exercise of discretion for
other types of deviations as well. We argue that one
plausible explanation is that individuals have the illu-
sion of improving performance by exercising discretion
because they underestimate, or fail to consider entirely,
the time required to do so (e.g., the time required to
look through the queue to determine the exact case to
complete next and the related cognitive distraction).
This task selection time is an opportunity cost. As
such, one might expect these costs to be overlooked, as
evaluating opportunity costs requires decision makers
to account for unrealized, implicit options (Frederick
et al. 2009). Seeking to increase their speed, individ-
uals may exercise discretion in a manner that they
believe will improve their workflow but that ends up
reducing their speed. These results suggest a possi-
ble behavioral challenge, as individuals actively pur-
sue strategies that would in fact have been beneficial
for performance were it not for the unrecognized costs
of pursuing those strategies (e.g., task selection costs).
Our findings provide evidence of the vulnerabilities of
self-management and the potential value of using cen-
tralized management in settings in which the costs of
exercising discretion are particularly high relative to
the benefits.

The proposition that individuals may underestimate
the costs of exercising discretion—and hence believe
that deviations help their productivity even in situ-
ations when they are detrimental—may explain why
deviations rise with experience. As workers deviate
more over time, they might erroneously attribute their
performance improvements from learning-by-doing to
their exercised discretion. Because they only observe
their performance improving over time, they may not
realize that their deviation behavior is actually hurt-
ing them. That is, learning-by-doing may mask any
deteriorating effect of deviations, so individuals may
increasingly rely on their discretion over time, even in

situations in which exercising that discretion under-
mines overall improvement.

5.6. Managerial Implications
Our paper contributes not only to the theory of oper-
ations management but also to its practice. First, we
show that discretion has costs that need to be balanced
against its potential benefits. Our finding that devi-
ations are, on average, related to worse performance
serves as a warning to managers and workers concern-
ing the costs of exercising certain types of discretion.
As noted by a radiologist we interviewed, “I always
thought that by reading the easiest cases on the queue
first, one might end up reading faster, but it seems that
the opposite is true. To lend support to your findings, I
have noticed that I read more cases on the days I don’t
go through my list and choose the order in which to
read cases. I do think that incorporating information
on how individuals order their task sequences could
help speed up the process of reading studies and avoid
duplicating time spent on organizing workflow.”

Managers should pay attention to the effects of devi-
ations on productivity in their settings. Although an
initial task sequence assignment might not be opti-
mal, allowing front-line workers to take an active role
in scheduling might not be advisable in settings in
which the time required to exercise discretion exceeds
the benefits of doing so. In any setting, reorganizing
the queue takes time, so managers should look for
ways to reduce this time while maintaining the bene-
fits from better ordering of queues. Productive nudges
frommanagers could include recommendations on the
task to complete next. Reducing workers’ desire or
need for task reordering, through education about the
costs of deviation, centralized queue management, or
more responsive software for task ordering, can be
a way for managers to improve productivity. In our
setting, adherence to the assigned sequence of tasks
could result in a meaningful increase in firm profits of
roughly 3%.

Our findings regarding the ability of experience and
certain types of deviations to offset—although only
partially—the detrimental average effect of deviations
on performance suggest that organizations need to take
these variables into account in structuring work. In set-
tings such as ours, in which deviations tend to reduce
performance, the benefits from experience of senior
employees are reduced by their tendency to deviate
from the queue more often. In such contexts, man-
agers have the opportunity to improve performance
by creating awareness, finding ways to persuade expe-
rienced employees to adhere to the queue sequence
or be even more thoughtful about when they deviate.
More generally, in any setting, managers can collabo-
rate with workers to improve scheduling strategies. For
example, workers can identify when they deviate from
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the assigned order and why they believe it improves
performance. With this knowledge, an individual or
organization could test these ideas. Identifying pro-
ductive deviations could help the individual’s produc-
tivity and perhaps result in beneficial changes to the
organization’s recommended task schedule. Finally,
managers should consider the time required to exercise
discretion when using analytics to inform workplace
practices, which is illustrated by the fact that the time
required to reorder a queue offsets the beneficial effects
of batching in our setting.

6. Conclusion
Although prior literature studies task ordering from
the perspective of a central scheduler, those who exe-
cute the tasks often have discretion over the actual
order in which they are performed. In practice, either
by constraint or by choice, the delegation of task-
scheduling decisions is common and results in indi-
viduals self-scheduling their work. As a result of lim-
ited research on discretionary task ordering, little is
known about how managers should manage schedul-
ing when such discretion exists. Understanding when
and how individuals exercise this discretion informs
decisions about system design, whether (or to what
extent) to grant discretion, how to nudge behavior
toward particular uses of discretion, and how to adjust
policies to incorporate responses expected from front-
line employees.
We consider this underexplored territory by analyz-

ing the drivers and consequences of exercising discre-
tion over task sequence in a setting in which devi-
ations from the queue are observable. Examining a
proprietary data set from a teleradiology company in
which radiologists are assigned a queue of cases to
interpret but are not restricted to follow that order, we
find that individuals are more likely to exercise discre-
tion via deviations from the queue when their expe-
rience is greater. This finding is consistent with the
view that experience leads to superior ability to iden-
tify high-leverage opportunities for deviation and/or
higher self-confidence to deviate. Our results high-
light both the potential power and the limitations of
learning-by-doing. On one hand, an individual can
learn over time how to exercise discretion over task
sequence more effectively. On the other, this learning
may not overcome the costs of exercising discretion,
and experienced individuals may also fail to assess
those costs appropriately. Thus, deviationsmay remain
unnoticeably detrimental even for experienced indi-
viduals. We also show that individuals in our setting
have a higher probability of using discretion when
doing so creates an opportunity to follow either of two
particular strategies—SEPT or batching.

The exercise of discretion via deviations from the
queue has a net negative effect in our empirical

setting—at least in the short to intermediate term.
Doctors often choose the “wrong” tasks (e.g., SEPT,
found to be detrimental, despite conflicting theoreti-
cal predictions), and even when they choose certain
“right” tasks (e.g., repetitions), the resulting benefits
are smaller than the time cost of deviating. Devia-
tions when the individual is more experienced or to
repeat task type are less detrimental but are still related
to worse performance compared with the case of no
deviation. That is, deviations harm performance even
when they are pursued to take advantage of schedul-
ing strategies that are assumed to be—and in the case
of batching, actually are—beneficial to performance. In
such cases, the benefits of discretion via deviation may
not compensate for the costs of exercising it.

6.1. Contributions
Our study offers five main contributions. First, we
analyze the implications of discretionary queue man-
agement. Scheduling tasks is a critical determinant
of employee and organizational productivity (Pinedo
2012). Most studies on task scheduling examine con-
texts in which scheduling is solely a managerial deci-
sion. This is often not the case in practice, however,
as front-line workers frequently have discretion in
scheduling. Future analytical work should incorpo-
rate the endogeneity of task sequences. Accounting for
deviationsmaymore accurately reflect many situations
andmay lead to unexpected recommendations on how
to structure work when workers may choose not to
implement prescribed schedules.

Second, we provide evidence of costs of exercising
discretion that may, in settings such as ours, outweigh
the associated benefits. Individuals consistently devi-
ate from the order of tasks within their queues despite
the fact that this reordering results in cases taking 13%
longer on average. Our investigation of batching sug-
gests an important reason why this behavior occurs.
When cases are naturally batched in the queue, com-
pletion times are faster. When individuals deviate in a
manner that is consistent with batching, however, com-
pletion times are slower than in situations in which
they do not deviate. Thus, it is possible that individu-
als believe deviations will improve productivity even
though they do not. This creates an opportunity to
examine ways to encourage individuals to assess the
costs of discretion, find ways to reduce such costs,
and deviate less when the costs outweigh the bene-
fits. This may be by shifting to centralized ordering of
tasks, avoiding duplication of decisions, or encourag-
ing fewer deviations through nudges and information.

Third, we identify conditions under which an indi-
vidual is more likely to deviate—namely, when that
individual has greater experience and when the queue
offers shorter cases, more batching opportunities,
more tasks, or a greater variety of tasks. Each of
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these results offers important theoretical grounding for
system design. Future research should explore alterna-
tive reasons to deviate based on principles of opera-
tions management and identify additional strategies—
advantageous or deleterious—that individuals follow
in task selection.
Fourth, we provide evidence of the difficulties of

achieving optimal behavior in practice. Analytical
models have considered workers using their discretion
to alter the number of tasks performed and their pro-
cessing speeds, assuming they do so to maximize a
given utility function. Our findings, however, call into
questionwhether workers are able tomake these calcu-
lations and thereby contribute to recent empirical work
that illustrates suboptimal behavior.5

Finally, from a methodological perspective, we
present a novel strategy to identify instrumental vari-
ables to measure the effects of discretion in queu-
ing settings. We propose that the choice of exercising
discretion is affected by the composition of the tasks
within the queue, and as long as it can be considered
exogenous, such composition can provide valid instru-
ments. Exploiting random assignment of tasks to indi-
vidual queues, together with variation in queue char-
acteristics, we construct instrumental variables based
on the expected duration of the pending tasks, the sim-
ilarity of tasks with the one just finished, and the type
of the task in the first position within the queue. More
broadly, our approach can be applied to identify differ-
ent instruments to estimate the impact of operational
decisions related to queues.

6.2. Conclusion
Despite the prevalence of discretion in practice, lit-
tle is known about how workers use discretion over
task sequence and how to manage scheduling when
discretion exists. Seeking to fill this gap, we consider
the implications of discretionary queue management.
We find that reordering queues is common in our set-
ting but tends to have negative implications for per-
formance. We identify conditions that encourage—
and document the performance effects of—deviations.
Overall, our results highlight the need for both man-
agers and academics to pay careful attention to the use
of worker discretion in queue management.

Acknowledgments
The authors gratefully acknowledge helpful suggestions and
comments from the editors and reviewers, Xiang Ao, Susie
Huang, Scott Lee, Michael Luca, Andrew Marder, Ananth
Raman, Ariel Stern, and Michael Toffel. The authors also
thank management at the field site for their commitment to
this work.

Endnotes
1Workers may also choose to reorder tasks based on personal incen-
tives. In this paper, we focus on operational drivers and present

an empirical setting without personal incentives in conflict with
performance.
2 In this setting, there is no incentive to prioritize cases based on
clients, as the client base is extensive and the company does not
systematically offer preferential treatment. Consistent with this, and
alleviating concerns regarding prioritization of cases based on pref-
erential treatment of certain hospitals, the results are robust to the
inclusion of hospital fixed effects.
3The basic assumption behind this set of instruments is that they
lead to different propensities to deviate. To confirm this, we regress
DEVIATION against first case–type fixed effects and a set of controls
(see column (3) in Table 3). We strongly reject the hypothesis that
the fixed effects for the different types of the first case are the same
(p < 0.0001).
4We use the estimated median hourly wage for a radiologist of $181.
(Source: Physician—Radiology Hourly Wages, http://www1.salary
.com/radiologist-hourly-wages.html, accessed April 27, 2016.) The
annual profit comparison uses confidential company data.
5We thank an anonymous reviewer for this suggestion.
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