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Abstract
In various organizations including hospitals, individuals are not forced to follow specific assignments, and thus, deviations
from preferred task assignments are common. This is due to the conventional wisdom that professionals should be given
the flexibility to deviate from preferred assignments as needed. It is unclear, however, whether and when this conventional
wisdom is true. We use evidence on the assignments of generalist and specialists to patients in our partner hospital (a
children’s hospital), and generate insights into whether and when hospital administrators should disallow such flexibility.
We do so by identifying 73 top medical diagnoses and using detailed patient-level electronic medical record (EMR) data of
more than 4,700 hospitalizations. In parallel, we conduct a survey of medical experts and utilized it to identify the preferred
provider type that should have been assigned to each patient. Using these two sources of data, we examine the consequence
of deviations from preferred provider assignments on three sets of performance measures: operational efficiency (measured
by length of stay), quality of care (measured by 30-day readmissions and adverse events), and cost (measured by total
charges). We find that deviating from preferred assignments is beneficial for task types (patients’ diagnosis in our setting)
that are either (a) well-defined (improving operational efficiency and costs), or (b) require high contact (improving costs and
adverse events, though at the expense of lower operational efficiency). For other task types (e.g., highly complex or resource-
intensive tasks), we observe that deviations are either detrimental or yield no tangible benefits, and thus, hospitals should try
to eliminate them (e.g., by developing and enforcing assignment guidelines). To understand the causal mechanism behind
our results, we make use of mediation analysis and find that utilizing advanced imaging (e.g., MRIs, CT scans, or nuclear
radiology) plays an important role in how deviations impact performance outcomes. Our findings also provide evidence
for a “no free lunch” theorem: while for some task types, deviations are beneficial for certain performance outcomes, they
can simultaneously degrade performance in terms of other dimensions. To provide clear recommendations for hospital
administrators, we also consider counterfactual scenarios corresponding to imposing the preferred assignments fully or
partially, and perform cost-effectiveness analyses. Our results indicate that enforcing the preferred assignments either for all
tasks or only for resource-intensive tasks is cost-effective, with the latter being the superior policy. Finally, by comparing
deviations during weekdays and weekends, early shifts and late shifts, and high congestion and low congestion periods, our
results shed light on some environmental conditions under which deviations occur more in practice.
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• In parallel, we conducted a survey of medical experts
and utilized it to identify the preferred provider type that
should have been assigned to each patient.

• Using these two sources of data, we examined the
consequence of deviations from preferred provider
assignments on three sets of performance measures:
operational efficiency (measured by length of stay),
quality of care (measured by 30-day readmissions and
adverse events), and cost (measured by total charges).

• To provide clear recommendations for hospital adminis-
trators, we also considered counterfactual scenarios cor-
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responding to imposing the preferred assignments fully
or partially, and perform cost-effectiveness analyses.

• We find that deviating from preferred assignments is
beneficial for task types (patients’ diagnosis in our
setting) that are either (a) well-defined (improving
operational efficiency and costs), or (b) require high
contact (improving costs and adverse events, though at
the expense of lower operational efficiency). For other
task types (e.g., highly complex or resource-intensive
tasks), we observe that deviations are either detrimental
or yield no tangible benefits, and thus, hospitals should
try to eliminate them (e.g., by developing and enforcing
assignment guidelines).

• To understand the causal mechanism behind our results,
we made use of mediation analysis and find that
utilizing advanced imaging (e.g., MRIs, CT scans, or
nuclear radiology) plays an important role in how
deviations impact performance outcomes.

• Our findings generate important insights for hospital
administrators into when and whether they should
impose formal guidelines on the provider type that is
assigned to each patient, or instead allow flexibility in
their practice.

1 Introduction

Organizations often implement coordination mechanisms
to formalize processes and move toward more preferred
practices, which can aid in reducing unnecessary variability
and improve performance. In the professional setting,
professionals have commonly held views about how
coordination mechanisms should manifest in their daily
practice. Through such coordination mechanisms, the role
of preferred practices versus those which deviate can
have important bearing on performance outcomes. For
example, some professionals tend to deviate from preferred
practices in batching and sequencing tasks for completion,
which ultimately diminishes productivity [32]. In other
examples, the loss of preferred practices due to the
transfer of a central manager to a competing organization
diminishes performance [1, 11], and deviations from
preferred assignment of medical/surgical patients to hospital
units worsens the outcomes [59].

Realizing the tension between enforcing preferred prac-
tices and allowing flexibility among professionals to deviate
when needed, some theories suggest an “optimal” level of
upholding preferred practices [24]. In contrast, others argue
that such inflexibility can be disastrous, since profession-
als must regularly deal with complex and nuanced issues
in serving their clients [13]. Similarly, while decision the-
ories discuss that decision-makers must possess the ability
to know when to deviate in their practice (see, e.g., [19, 20]

and the references therein), operations management theories
suggest avoiding deviations, indicating that standardizing
how tasks are routed to different servers have important
advantages (for studies on optimal routing in service sys-
tems with heterogenous servers, see, e.g., [3, 50] and the
references therein). Some studies also provide clear evi-
dence that standardizing how tasks (e.g., arriving patients)
are routed to servers (e.g., providers) through implementing
specific patient-provider assignment algorithms can bring
various benefits to hospital operations (see, e.g., [66]).
Acknowledging these conflicting arguments, it is unclear
whether and when it is beneficial to enforce preferred task
assignments and thereby remove any potential deviation.
More broadly, as the healthcare sector is moving towards
increased levels of transparency through efforts such as
publicly reporting hospitals’ outcomes (see, e.g., [48, 49]),
it is becoming more important to understand whether by
eliminating workarounds (see, e.g., [60, 67]) hospitals can
improve their performance measures. Improved level of
performance, in turn, might reduce some undesired but
common and large-scale events in the healthcare sector,
including hospital closures (see, e.g., [52]) and unnecessary
vertical integration (see, e.g., [51]).

We are particularly motivated by the assignment of gen-
eralists and specialists in our study hospital—a children’s
hospital on the west coast of the United States. The hos-
pital’s administrators were interested to know whether they
should (a) develop guidelines on the assignment of gener-
alist versus specialist physicians (for each arriving patient
with certain medical conditions) based on the preferred
practice as represented by consensus opinion of medical
experts, and (b) enforce such assignment guidelines in their
hospital to remove any potential deviation. Our study allows
our partner hospital, in addition to many other hospitals
dealing with similar issues, to gain a deep understanding
of the impact of developing and enforcing preferred assign-
ments (points (a) and (b) above) on various performance
outcomes. Specifically, the central question in our study is:
What is the impact of following preferred assignments (iden-
tified based on the consensus opinion of medical experts)
on various performance outcomes? Conversely, when is
deviation from such preferred assignments beneficial?

To answer these questions, we collected data representing
nearly six years of electronic medical record (EMR)
information from our partner hospital. Our data contained
information on 4,729 hospitalized patients with common
pediatric diagnoses for which physicians desired clearer
guidelines around generalist and specialist assignment.
Separately, in close collaboration with the hospital’s
administrators, we also conducted surveys and collected
data by asking medical experts, including various physicians
in our partner hospital, who should have been in charge
of each patient given his/her documented diagnoses. We
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then made use of the consensus opinion of the surveyed
experts to determine the preferred assignment. Thus, the
term “preferred assignment” in our study refers to the most
commonly-recommended opinion among medical experts
regarding whether a specialist or a generalist should have
been in charge. Similarly, we use the term “deviation”
to refer to situations when the actual assignment differs
from the preferred one. We adopt these definitions based
on the goals of the administrators at our partner hospital
who want to know whether developing and enforcing
guidelines using the consensus opinion of medical experts,
and thereby, removing any deviations from them will yield
improvements.1

We analyzed the consequences of deviations from pre-
ferred assignment along three dimensions of performance:
operational efficiency (measured by length of stay2), qual-
ity (measured by the occurrence of 30-day readmissions and
adverse events), and cost (measured by total charges). We
also assessed outcomes based on the interaction between the
preferred assignment and task (i.e., diagnosis) characteris-
tics, focusing on the following types of tasks: well-defined,
high complexity, high contact, and resource-intensive.
Finally, we (a) performed mediation analysis to understand
the mechanism behind some of our results, (b) employed
cost-effectiveness analysis on some implementable coun-
terfactual policies to provide clear recommendations for
hospital administrators on when and how to enforce guide-
lines to remove deviations from the preferred assignment,
and (c) conducted various robustness checks (including run-
ning sensitivity analyses on how the consensus opinion
is measured, making use of an instrumental variable (IV)
approach, and applying the 1-nearest neighbor propensity
score matching method) to further examine the soundness
of our main findings.

Our analysis of the data suggests that, for certain types of
tasks, deviations from preferred assignments are beneficial.
Specifically, for well-defined tasks, such deviations can
reduce costs and improve operational efficiency. For
resource-intensive tasks, however, such deviations are
associated with higher costs. Further, when tasks involve
high contact, deviations from preferred assignments are

1It should be noted that when a deviation occurs in practice, it might
reflect the decision-maker’s personal judgement. This can occur due to
various reasons (e.g., personal interests, imposing professional power,
or belief about capacity), studying which is beyond the scope of our
study. Importantly, however, we note that deviations, regardless of
the underlying reason behind personal judgement, impact performance
outcomes. Thus, we aim to help hospital administrators by studying
whether or not they should impose guidelines that can eliminate all
such deviations.
2All else equal, a shorter average patient length of stay translates to a
better throughput. As such, length of stay is a widely used measure for
gauging operational efficiency of hospitals.

associated with worse operational efficiency, lower costs,
and higher quality of care through a lower occurrence
of adverse events. Put together, our findings indicate that
deviating from preferred assignments is beneficial for
some (but not all) tasks. In particular, we find that it
is beneficial to deviate when (a) the patient’s needs are
well-defined (improving operational efficiency and cost),
or (b) serving the patient requires high contact (improving
costs and adverse events, though at the expense of lower
operational efficiency). For other task types, we find
that hospital administrators should develop and formally
enforce guidelines to remove deviations from preferred
assignments: such deviations are either detrimental or come
with no tangible benefits.

To shed light on a potential causal mechanism behind our
findings, we made use of mediation analyses. Our results
show that use of advanced imaging (e.g., MRIs, CT scans,
or nuclear radiology) provides an important causal channel
through which deviations impact performance measures
(operational efficiency, costs, and quality). This is partially
because use of advanced imaging significantly differs
between specialist and generalists, and whether advanced
imaging is used or not can influence outcomes such as
operational efficiency, costs, and quality. This mediating
impact of advanced imaging, in turn, depends on patients’
needs as identified by their task type.

Finally, our findings offer recommendations for hos-
pital administrators, especially as it relates to decisions
pertaining to tradeoffs in enforcing preferred assignments.
Specifically, we considered counterfactual scenarios corre-
sponding to imposing the preferred assignments fully or
partially, and performed cost-effectiveness analyses. Our
results indicate that enforcing preferred assignments either
for all tasks or only for resource-intensive tasks is cost-
effective, and that the latter—enforcing preferred assign-
ments only for resource-intensive tasks—is the superior
policy.

1.1 Contributions and implications

Our research provides evidence on how hospitals can
utilize a task-type view to standardize assignment decisions
by understanding the impact of following the preferred
assignment as determined by medical experts. In doing so,
our study offers new insights that have both managerial and
theoretical implications, which we discuss next.

Using data from our partner hospital, we provide
evidence of a significant number of deviations in assigning
generalists versus specialists to patients. From a managerial
and practical perspective, this removes the perception that
most patients are admitted by a specific type of physician
(e.g., a specialist) and for a specific reason (e.g., surgery),
and hence, there will be no disagreement about the type
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of physician that should be in charge.3 Furthermore, since
such deviations affect various performance metrics such as
quality, operational efficiency, and costs, a natural question
for hospital administrators is whether they should develop
and enforce formal guidelines to remove deviations. We
answer this question by showing that enforcing guidelines
around preferred assignments can have advantages and
disadvantages. Understanding the underlying tradeoffs for
each task type—and knowing for which type to formally
enforce such assignments as we show in this study—
affords managers the opportunity to improve operational
efficiency, cost, and quality of their services. Additionally,
as our interviews at our field site reveal, creating formal
assignment guidelines with the goal of improving outcomes,
and understanding when physicians should have the
flexibility to deviate from such guidelines can be valuable
in practice:

“It would be helpful to first understand what
the current process for assignment is and what
the goals for assignment are. [...] My current
dissatisfaction arises from not knowing what the
goals and expectations are and thus not being able
to adapt. These also do not seem to be consistent
among all the hospitalist faculty that I rotate with.”
[Gastroenterologist]

and

“If there are pre-determined guidelines in terms of
how physician assignments are done, this would be
a benefit to how clinical care would work efficiently
[. . . ] The ‘guidelines’ are a difficult task to
accomplish, as it would be a hard to achieve a sort
of universal consensus. Perhaps the best method is
to have guidelines be guidelines, but to have open
communication if there are questions or concerns
regarding physician assignment.” [Endocrinologist]

Furthermore, our results help hospital administrators
as well as physicians gain a better understanding of the
environmental conditions under which deviations more
frequently occur. In particular, our findings indicate
that deviations are more frequent during weekends than
weekdays and during morning shifts (8am-1pm) compared
to other shifts. However, we observe that deviations occur
similarly during high congestion (busy) and low congestion
(less busy) periods.

Our results also have a few essential theoretical
implications. First, to the best of our knowledge, our work

3For example, we observe that only for 5.3% of hospitalizations in
our sample there is complete agreement among medical experts about
the type of the physician (generalist versus specialist) that should have
been in charge.

is the first to shed light on the dependency between task
type and whether allowing flexibility for deviations from
preferred assignments can be beneficial. Second, by taking
into account various performance metrics (operational
efficiency, quality, and cost), we provide evidence for a
“no free lunch” theorem: although for some task types
(e.g., those requiring high contact) deviations are beneficial
for certain aspects of performance (e.g., quality and cost),
they are simultaneously detrimental for other aspects (e.g.,
operational efficiency). Thus, while enforcing preferred
assignments is the dominant strategy for some tasks
types, permitting deviations is typically not dominantly
the better option, regardless of the task type. Third, while
our study is focused on understanding the impact of
deviations on hospitals’ performance (and not the reasons
or individuals behind deviations), our results point to future
work that can further investigate the potential interplay
between professional status and deviations from preferred
assignments. For example, our data shows that specialists
deviate from preferred assignments more than generalists.
A reason for this could lie in the way professional status
manifests in the workplace. Our research provides the basis
for future studies to investigate.

2 Theoretical background

2.1 Task assignment between generalists
and specialists

The known skillsets generalists and specialists provide
in an organization can facilitate task assignment, or the
mapping of tasks to different types of professionals [41].
For example, generalists provide a more holistic perspective
with their breadth of knowledge while specialists provide
more tailored services with their intricate and detailed
knowledge [15, 18, 28]. Consequently, whereas specialists’
narrower expertise enables them to deliver more customized
services to increase effectiveness in meeting particular
client demands, generalists’ broader expertise can facilitate
the efficient completion of preferred client demands [14].

Although the operations management literature has stud-
ied optimal task assignment in settings where professionals
differ in their knowledge levels and other abilities (see, e.g.,
[46] for optimal task assignment rules in knowledge-based
service systems), the above-mentioned differences as well
as the significant overlap between generalist and special-
ist expertise bring new challenges to understanding suitable
ways of task assignment. For example, generalists’ and spe-
cialists’ overlapping jurisdictions can make the process of
task assignment considerably complex, since professional
contexts increasingly embody collaborative environments in
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which gray areas around roles can become more salient as
jurisdictions have greater opportunity to collide [65].

In our study’s setting, task assignment occurs between
generalists and specialists who are at the organization-
client interface and equipped with expertise to (a) make
autonomous decisions in managing the complexity inherent
in their daily work [63], and (b) proactively deviate from
preferred practices to enhance service and accommodate
circumstances in the work environment [44]. Due to the
sometimes unnecessary complications of task assignment,
and the subsequent need to streamline professional work,
organizations have attempted to develop and follow
formal task assignment rules. Yet, professionals may still
maintain their capacity for discretionary decision-making
in their work.4 Since professionals engage in preferred
and deviating practices to manage task assignment, we
aim to study whether and when deviation from preferred
assignments can improve performance. In measuring
performance, we take into account the fact that hospitals
care about various metrics in a simultaneous way (see, e.g.,
[45]). Hence, we consider a holistic approach and study
the impact of deviations from preferred task assignments
on various dimensions of performance, including quality of
care, operational efficiency, and costs.

Finally, we note that while little is known about
when deviations from preferred task assignments can
yield performance improvements, deviations have been
studied in other settings, including task sequencing (see,
e.g., [32]), task processing time (see, e.g., [31, 53, 54]),
following system-generated recommendations (see, e.g.,
[70]), and assigning medical/surgical patients to hospital
units [59]. Similarly, previous studies have discussed the
effect of differentiating between task types on improving
performance, including separating complex patients (see,
e.g., [47]) and customer types that should be routed to a
specialist (see, e.g., [56]) or to a telemedical physician (see,
e.g., [46]). Our research unifies many of these separately
studied, yet critical aspects of professional performance.

2.2 Task types and hypotheses

Seminal literature on task design representing the works of
classical theorists articulates four prominent task features,
which are the focus of our research: well-defined, high
complexity, high contact, and resource-intensive.

In what follows, we describe each of these task types
that we considered in our setting and provide related
hypotheses. We developed definitions of each of these task
types such that they had relevance to our specific hospital

4Decision-making in clinical settings when there is ambiguity is often
perplexing (see, e.g., [9]), and thus, this capacity for discretionary
decision-making may cause workarrounds and errors (see, e.g., [60]).

context and simultaneously represented the theoretical
basis of each task as described in the extant literature.
These definitions were co-developed with four hospitalist
physicians in our partner hospital, and were subsequently
corroborated with two specialists for consistency. Similarly,
we developed a separate hypothesis for each task category in
collaboration with the administrators in our partner hospital
and by considering their need to better understand the
types of patients for which they should enforce preferred
assignments.

Well-Defined Tasks Tasks can be organized in terms of how
well-defined they are, specifically in terms of two related
components: epistemological clarity and invariability in
procedures. Epistemology refers to the means for knowing
the nature of something—what an entity is and how it came
into existence. It explains how “cognitive subjects come
to know the truth about a given phenomenon in reality”
[8]. Since epistemology explains how knowledge can be
incorporated into practice, it can be a term used to describe
the scope of knowledge pertaining to an entity. In the
work environment, a task with high epistemological clarity
means that both the type of problem and its source can
be understood and measured. Relatedly, the second feature
of well-defined tasks is that procedures in handling the
task are largely invariable. This means that knowledge is
applied to tasks through procedures that have been tried
and tested, yielding greater certainty in the content and
the context of application. Since well-defined tasks are
those which have high epistemological clarity and low
variability in procedures, we hypothesize that they are
relatively conducive to preferred task assignment, meaning
that following the preferred assignment (instead of deviating
from it) that is identified based on the consensus opinion
of experts is likely to be advantageous to performance for
well-defined tasks. Thus, our first hypothesis is:

HYPOTHESIS 1 For well-defined tasks, following the
preferred assignment (identified based on the consensus
opinion of experts) improves performance outcomes.

High Complexity Tasks Classical organizational design
theories identify two key features of the scope of complex
work: variety and interdependence [36]. Task variety
refers to the number of exceptions, or different types of
situations and problems, encountered while performing a
task [40]. Tasks with high variety have many exceptions,
so cannot be easily standardized. One result of an
increasing number of exceptions may be the need to
invoke different types of expert knowledge and skills to
creatively handle a novel situation. Since settings with
high task variety require more flexibility, bureaucratic
and rule-based structures are not as effective. The other
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feature of complex work is interdependence, which refers
to tasks that rely on what others do. For such tasks,
therefore, designating a professional from the mix can
be a challenging endeavor [64]. The highly complex task
may either warrant the expertise of a specialist on a
particular or rare subject matter, or the generalist if it
requires a holistic view to be able to coordinate knowledge
across multiple professional disciplines. Furthermore, these
features of complex tasks can vary on a case-by-case
basis, making any standardized assignment less effective.
Thus, we hypothesize that these features of highly complex
tasks would make them relatively not conducive to, and
suitable for, enforcing preferred assignments. Specifically,
if in deciding the appropriate provider type that should
be assigned, professionals are forced to follow what the
preferred assignment suggests, their assignment decisions
might worsen, since they may miss the opportunity to
account for the nuances of complex tasks. This leads us the
following hypothesis:

HYPOTHESIS 2 For high complexity tasks, following the
preferred assignment (identified based on the consensus
opinion of experts) worsens performance outcomes.

High Contact Tasks The extent of client contact, or the
degree to which a client is in direct contact with a particular
service facility relative to the total time needed to service
the customer, is known to be an important factor that affects
organizational performance (see, e.g., [14]). The presence
of customers with high contact can disrupt the flow of
work, and also put exaggerated demands on professionals
that would not otherwise occur [21]. In contrast, when
work involves serving customers requiring low contact, the
service process involves less dependence on the conditions
of the organizational environment (e.g., workload, staff
available, overnight shift requirements) compared to high
client contact settings [14]. Therefore, assignment decisions
are typically programmable for work involving low client
contact. For high client contact tasks, however, it is likely
that programming assignments by defining predetermined
rules such as those defined as preferred, and enforcing them
through disallowing potential deviations can have negative
consequences. Thus, we hypothesize that:

HYPOTHESIS 3 For high contact tasks, following the
preferred assignment (identified based on the consensus
opinion of experts) worsens performance outcomes.

Resource-Intensive Tasks Resources refer to the inputs
required to effectively complete a task, which for the pur-
poses of this study, may include both human and physical
capital. In the professional work environment, decisions

about task partitioning involve efficient utilization of spe-
cialized resources [72]. For optimal performance, tasks that
are highly resource-dependent require a systematic identi-
fication, selection, and assignment of resources [16, 17].
Thus, the degree of resource intensity can be an impor-
tant determination of the type of professional who should
be assigned to the task. In particular, when the level of
resource intensity is high, it is often clear in practice who
should be in charge of the task. We hypothesize that this
makes such tasks suitable for preferred assignment, since
for a given task a particular professional may have the best
expertise in making assessments of resource requirements
(i.e., resource variety that should be coordinated by a gen-
eralist or resource specificity that requires the expertise of
a specialist) and subsequently managing the resources for
completing the task at hand:

HYPOTHESIS 4 For resource-intensive tasks, following
the preferred assignment (identified based on the consensus
opinion of experts) improves performance outcomes.

2.3 A potential mechanism

Our research also explores a possible causal mechanism
that could explain the relationship between preferred
(versus deviating) assignment and performance outcomes.
Specifically, we identify a potential mediating effect that
could explain (a) why performance outcomes may be
impacted by deviations from preferred assignments, and (b)
why this impact depends on the task type. To identify the
underlying potential mediator, we first explore the potential
reasons why generalists and specialists might differ in
their practices. In taking this approach, we make use of
the substantial literature on how generalist and specialist
physicians vary in utilizing resources (see, e.g., [5, 10, 29,
30, 61]). Specifically, we focus on the fact that generalist
and specialist physicians differ in their use of advanced
imaging (e.g., MRIs, CT scans, or nuclear radiology), and
find that use of advanced imaging creates a mediating
channel through which deviations impact performance
measures. The strength of this mediation depends both on
the task type and the performance outcome, which further
explains the reason behind some of our main findings (see
Section 4.2 for more details).

3 Research setting, data, and analysis

3.1 Research setting

We use data that we collected from an urban academic chil-
dren’s hospital on the west coast of the United States, and
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focus on preferred versus deviating generalist and specialist
physician assignments to patients. We focus on generalists
and specialists mainly because of the needs of our partner
hospital, and the fact that task assignments between gen-
eralists and specialists are often not clear-cut. Indeed, it
is widely-known that the boundaries between the expertise
of generalists and specialists are often blurred in practice,
and hence, there is a considerable level of discretion on
how tasks are assigned to them [58]. This gives us enough
data points in which deviations have occurred, and in turn,
allows us to study when enforcing preferred assignments
and removing such deviations is beneficial. In our set-
ting, the generalist physicians are hospitalists who work
primarily in the inpatient environment. The specialist physi-
cians included in our analysis belong to one of seven
different specialties: cardiology, endocrinology, gastroen-
terology, hematology/oncology, neurology, pulmonology,
and rheumatology.

3.2 Data

Using a mixed methods approach, we collected data from
two primary sources: survey of physicians and EMR data.

Survey of Physicians To identify preferred physician assign-
ment, we administered an online survey using Qualtrics
software to the department of pediatrics at the children’s
hospital, which included hospitalists and specialists belong-
ing to the seven specialties defined above. To design the
survey, we iteratively solicited feedback from the division
head of hospital medicine and the research director at the
hospital. Once a pilot version of the survey was devel-
oped, we made modifications based on the feedback we
received after performing cognitive tests for question clar-
ity and relevance on three hospitalists. The survey listed the
“top diagnoses” for each specialty (a total of 176 diagnoses
across seven specialty areas; see Table 16 in the Appendix
for more details) and asked respective specialists, as well
as a randomized group of hospitalists, who should be in
charge: a generalist or a specialist.

The 176 medical diagnoses across the seven specialty
areas listed in the survey did not include extraneous
information elaborating on the context of care or other
patient characteristics. Rather, we developed our survey
questions much like how the standards of care are
developed in guiding medical practice for certain diagnoses.
Specifically, standards of care are typically informal or
formal guidelines developed by specialty societies or
organizations (e.g., Institute of Medicine, American College
of Physicians) representing the majority expert opinion
on the diagnostic, treatment, care process, and clinical
practice pathway for patients with particular conditions

(e.g., diabetes). The specific medical diagnosis serves as the
basis for developing such rules and protocols around patient
care by majority expert opinion [33, 42]. Avoiding complex
contextual information besides the medical diagnosis in
developing such rules enables hospitals to have guidelines
that can be easily implemented in their practice. Thus, we
also avoided detailed contextual information in our survey,
and focused on medical diagnosis as its basis.

Our survey had a 44% response rate (n = 66 physicians
which included 46 specialists and 20 hospitalists) and
a 100% response rate across the eight divisions (seven
specialties plus hospital medicine) surveyed. The 44%
response rate (n = 66 physicians) was determined to be
sufficient for two main reasons. First, based on Dillman’s
classical work on survey methods, and accepting a ± 10%
sampling error, a minimum of about 55 responses in our
setting would be sufficient to provide accurate results (see,
e.g., Table 5.1. of [23]), which is below our total number of
responses (n = 66). Second, our analyses of respondents’
characteristics, including position (faculty, fellow, contract),
years of experience, gender, age, and ethnicity, among
others revealed that the respondents’ characteristics are
not different than the general population of physicians at
our partner hospital (see also [35]). This gave us further
confidence that our survey is unlikely to be subject to
selection bias.

If the responding physician thought they would not
be able to specify a generalist or specialist, the option
“unsure—my selection depends greatly on other factors”
was provided; that option was selected approximately 5% of
the time and was dropped from our analysis. Top diagnoses
lists for each specialty were first generated based on a query
to the health information management department at the
hospital, requesting the highest volume conditions for which
patients were hospitalized. We also included variables
for task category, or diagnosis type, which correspond
to the task dimensions described earlier: well-known,
high complexity, high contact, and resource-intensive. To
operationalize the task types as a representation of diagnosis
categories, we asked eight focus groups of two to three
hospitalists each to classify the top diagnoses from the
survey into four corresponding categories. The category
definitions were inductively derived during an observational
period at the hospital (e.g., patient rounds, physician
meetings), consultation with the medical and management
literature, and with input from several physicians at the
hospital in order to ensure relevance to the professionals in
our context.

Electronic Medical Records (EMRs) We also collected EMR
data for patients hospitalized between January 1, 2009
and August 31, 2015 for any of 73 top diagnoses
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(n = 4, 729 hospitalizations).5 Since we chose common
pediatric diagnoses for which physicians in our partner
hospital desired more clarity around assignment, our sample
represents a subset of all hospitalizations during the data
collection period. The top diagnoses list aligning with
the EMR data was shorter for multiple reasons, including
issues with mapping distinct ICD-9 codes to the condition
specified, as well as the fact that a modal response did
not exist for several conditions. The EMR data included
details on patient demographics, the nature of the diagnoses,
patient outcome measures, and the physician of record
(i.e., the physician ultimately taking responsibility for the
patient’s care). Identification of documented adverse events
was a more complicated process. Using the assistance of an
EMR coder at the hospital, we examined the five primary
ICD-9 codes associated with each patient hospitalization
for evidence of any adverse events, and categorized them
accordingly.

3.3 Analysis

We analyzed outcomes based on four performance met-
rics: length of stay, total charges, 30-day readmissions, and
adverse events. For length of stay and total charges, we
used a generalized linear model (GLM) with gamma dis-
tribution to account for non-negativity and skewedness of
distributions of these continuous outcome variables. For
readmission and adverse events, we used a GLM with bino-
mial distribution, since these outcome measures are inte-
gers. For all GLM models, we assumed proportional effects
for each outcome variable, and hence, applied a logarith-
mic link function. We addressed the clustering of patients
by physician using robust standard errors, and performed
cluster correction based on the physician assigned. Further,
about 7.5% (n = 356) of the hospitalizations in our sam-
ple had patient-physician assignments that repeated more
than once (i.e., repeat patients assigned to the same physi-
cian across their different hospitalizations). After checking
for differences in our results if we excluded these cases, we
found that the impact of excluding these patients is nomi-
nal; thus, we kept these hospitalizations in our analysis. Our
main effects of interest were preferred (versus deviating)
assignment and type of task (well-defined, high complexity,
high contact, and resource-intensive). Our control variables
included various patient, physician, diagnosis, and hospi-
tal condition characteristics as well as year fixed effects.
Below, we discuss all of these in detail.

5The number of diagnoses in our sample was less than what was in
our survey (176) because we excluded any diagnosis that occurred in
fewer than 20 hospitalizations.

Dependent Variables Our outcomes variables focused on
three dimensions of performance: operational efficiency,
cost, and quality. Operational efficiency was represented
by length of stay, which is the total number of days from
when a patient is admitted into the hospital until s/he is
discharged (see also footnote 1). To measure cost, we used
total charges, which is the amount billed to insurance for
costs incurred during the patient’s hospitalization. Of note,
total charges are an estimation of costs, since this amount
is billed but may not be the amount ultimately reimbursed
and/or incurred. Finally, we measured quality by making
use of two metrics: (1) 30-day readmission, which captures
the number of patients that were hospitalized again within
thirty days of their last discharge (a binary variable), and (2)
adverse events, which represents the number of patients that
had a non-surgical harmful event resulting from care at the
hospital (a binary variable). Adverse events were identified
initially by the physician in charge of the patient, and then
were revised as needed after medical record coders at the
hospital conduct a review of the patient’s hospitalization
records post-discharge. These include adverse drug events,
infections, and device events.

Independent Variables. Our independent variables are
described below. Note that, as we described earlier, our use
and definition of these variables (e.g., task types) are based
on (a) our collaboration with the expert physicians in our
partner hospital, and (b) available studies in the literature.

1. Preferred assignment is a binary variable that equals
one if the physician assigned (a generalist or specialist,
as recorded in the medical records) matches who should
have been assigned based on the modal results from the
physician assignment survey. In other words, preferred
physician assignment reflects the survey responses,
where the majority of physicians indicated that either a
generalist or specialist should be assigned to a patient
with a given condition.6 For the 73 diagnoses in the
survey, the responses indicated that specialists should
be assigned to 44 (60%) diagnoses and generalists to 29
(40%) diagnoses.

2. Well-defined diagnosis was categorized according to
the following definition: “well-defined expected course,
complications, treatment and monitoring needs that are
in a certain [physician’s] domain of knowledge, skills
and comfort-level.” Such a diagnosis is less ambiguous,
and is usually associated with what is known as

6In our robustness checks, we alter this majority rule approach for
measuring the consensus opinion, and make use of different definitions
for identifying preferred assignment, including utilizing Fleiss’ kappa
tests as well as varying the 50% threshold used to define majority (see
Section 5.3).
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the “standard of care” in the medical field, which
is comprised of treatment guidelines that specifies
appropriate patient care based on scientific evidence
or collaboration among relevant medical professionals.
The standard of care outlines patient treatment for
a particular condition, such that medical errors and
possible malpractice issues could be avoided. Thus,
these diagnoses have a clearly outlined course of
treatment and often coincide with legal protections of
physician practice.

3. High complexity diagnosis was defined as follows:
“patient has a diverse set of conditions and multisystem
disease; may be technology dependent; has frequent
inpatient admissions; and requires multiple medica-
tions, multiple specialists, and optimal care coordina-
tion across inpatient/outpatient settings” [25, 57]. Such
a diagnosis involves multiple organ systems as well as
the ability to address uncertainties in the patient’s diag-
nosis and course of treatment that result from higher
levels of complexity in the underlying condition. High
complexity conditions can be in the domain of either a
specialist or generalist. A hospitalist may be appropriate
for this type of condition to manage and coordinate mul-
tiple knowledge bases using a more holistic approach,
or a specialist may be appropriate if such a condition is
due to a particular underlying organ/system issue that
requires their depth of expertise.

4. High contact diagnosis was defined as follows: “patient
has a condition that requires frequent intervention
and has a propensity for acute deterioration, and who
is likely to require a physician who can be rapidly
available.” Such diagnoses require greater patient
contact for multiple reasons. This type of patient is in
an unstable state in which unexpected deterioration can
rapidly take place, and therefore instinctive decision-
making under conditions of uncertainty places greater
demands on the physician in charge. Also, a patient
with this type of diagnosis requires much time from
their assigned physician, who may frequently intervene
during the course of treatment.

5. Resource-intensive diagnosis was classified based
on the following definition: “diagnosis/workup often
requires use of multiple ancillary services and sup-
port (e.g., physical/occupational/speech therapy, social
work, discharge planning, etc.), possible frequent
admissions, and longer length of stay.” The use of mul-
tiple types of resources, as well as the higher costs
incurred from potentially longer patient stays and fre-
quent readmissions, makes these types of diagnoses
more resource-intensive.

Interactions Since it is likely that the effect of following the
preferred assignment on performance depends on the type

of task category, we included interactions between each of
the four task categories and the preferred assignment.

Controls We controlled for several patient characteristics,
including variables related to demographic and diagnosis
characteristics. With regard to patient demographic charac-
teristics, we included (1) age, defined as the patient’s age at
the time of discharge from the hospital; (2) sex, defined as
the patient’s sex (male or female) based on the EMR; and
(3) insurance type, defined as a binary variable indicating
whether the patient possesses private or public insurance. To
control for the nature of the patient’s condition, we incor-
porated the chronic condition indicator (CCI), which is a
case mix adjustment categorical variable taking a value 0
through 4 that dichotomizes ICD-9 codes into chronic or
non-chronic conditions and aggregates chronic conditions
into 1 of 18 mutually exclusive clinical groups to assess
both the severity and complexity (i.e., number of comorbidi-
ties, or different diagnoses afflicting the patient) associated
with the patient hospitalization [7, 34]. The CCI measure is
an acceptable measure for characterizing a patient’s condi-
tion, and can be used in place of diagnosis or DRG codes
(see, e.g., [4]). Additionally, we controlled for timing of the
patient’s hospitalization, namely if it occurred during flu
season, by using a binary variable indicating if the hospital-
ization occurred between October and April. During these
months, hospitals typically experience higher patient vol-
umes and patients who are sicker because their underlying
conditions can be complicated by flu viruses or other sea-
sonal illnesses. Patients hospitalized during this time are
affected by more limited hospital resources and exposure
to more sick patients. We also included volume during the
hospitalization (i.e., the number of other patients hospital-
ized for a similar condition during each hospitalization) as
one of our controls. In addition, we used year fixed effects,
which includes controls for the year of the patient’s hospi-
talization. This was done for multiple reasons, including the
fact that an increasing number of hospitalists were hired at
the hospital since 2009. Moreover, we also controlled for
the time-of-day in our analyses. Finally, to control for the
type of professional, we included a variable termed type of
physician assigned (specialty), which reflects each of the
different specialties in our analysis (e.g., hospital medicine,
cardiology, endocrinology, etc.).

3.4 Potential endogeneity, hidden confounders,
and other limitations

We have made use of detailed patient level data to control
for various factors that can affect our results, which has
made us reasonably confident that observable variables are
not making our estimates biased. Nevertheless, like most
research that rely on observational data, we are unable
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to fully rule out the existence of hidden confounders or
other factors that can cause endogeneity in our setting.
Thus, to ensure that our main findings were not biased
due to these concerns, we took several steps. First, we
reran our analysis using an IV approach (see Section 5.1
for more details). Second, we repeated our analyses after
making use of propensity score matching and creating
balanced covariates (see Section 5.2 for more details).
Both our IV and matching analyses yielded results that
are fairly similar to our main findings, indicating that
our results are less likely to be biased due to potential
issues discussed above. Third, we also performed formal
tests and investigated a potential channel that explains
the underlying causal mechanism behind our findings (see
Section 4.2 for more details), giving us further confidence
about the validity of our main findings. However, we
still emphasize the need to conduct a carefully designed
Randomized Controlled Trial (RCT) in future research to
further investigate the validity of our findings; until this
occurs, we acknowledge that some of our findings might be
affected by factors that are unobservable to us, and hence,
highlight that hospital administrators should primarily
interpret our results at an association level (see Section 6
for further discussion). Finally, as part of our limitations
section (see Section 6), we discuss that our results are based
on findings in a single institution, and hence, generalization
to other contexts (e.g., other hospitals) might require further
consideration.

4 Results

We provide descriptive statistics and correlations in Table 1.
The table displays weakly positive correlations between
each of the task categories, except for the high complexity
and resource-intensive tasks, which demonstrate a strongly
positive correlation (r = 0.749). The stronger relationship
between high complexity and resource-intensive tasks is
expected, since highly complex tasks potentially involve
a greater breadth of issues, the integration of a diverse
set of activities, and more uncertainty. Thus, handling
highly complex tasks typically require making use of many
resources. To account for potential collinearity in our
models, we residualized the resource-intensive task variable
from high complexity tasks.

We started our analyses by characterizing when devia-
tions occur in our context, answering the following ques-
tion: do deviations from preferred assignments occur more
during (1) high volume periods (versus low volume peri-
ods), (2) weekdays (versus weekends), and (3) earlier shifts
(versus later shifts)? The descriptive findings are presented
in Fig. 1. Part (a) of this figure indicates that percentage
deviations do not differ notably between high volume and

low volume periods. Specifically, percentage of deviations
both when a generalist is assigned (labeled as “general-
ist deviations”) and when a specialist is assigned (labeled
as “specialist deviations”) are similar between periods with
below average and above average patient volume. How-
ever, part (b) of Fig. 1 reveals that deviations occur more
during weekends than during weekdays, and that this is
primarily associated with the fact that deviations when a
specialist is assigned (while a generalist should have been
assigned) is much higher during weekends than during
weekdays. Finally, part (c) of Fig. 1 shows that the highest
and lowest percentage of deviations occur during morn-
ing shifts (8am-1pm) and after midnight shifts (12am-8am),
respectively.

Next, we examined the effect of task type on preferred
assignment, as shown in Table 2. The analysis also
included professional type (generalist or specialist, as
categorized across each of the eight specialties represented
by the physicians in our sample) to further examine
patterns in preferred assignment that relate specifically to
professional role that may be due to knowledge differences
as other research suggests (see, e.g., [4, 17, 27, 55]).
Since the dependent variable is binary, we used a GLM
model with binomial family and logit link, with standard
errors clustered at the physician level. Average marginal
effects (AME) are also shown in Table 2. The model
includes controls for patient characteristics (i.e., various
demographic and diagnostic variables discussed earlier) as
well as year fixed effects (the full versions of our tables can
be found in the appendix).

From Table 2, we observe the following. First, the
type of physician assigned had a negative and statistically
significant estimated coefficient. In addition, we observe
that well-defined and resource-intensive tasks had a
statistically insignificant coefficient. However, tasks that
were high in complexity and contact had statistically
significant results. High complexity tasks had a positive
coefficient (p < 0.001) and AME results indicating a
14.8% increase in the likelihood of preferred assignment, or
27.0% when compared to the sample average of 54.8%. For
high contact tasks, the results indicate a negative coefficient
(p < 0.001), with an AME showing that high contact tasks
decrease the probability of preferred assignment by 7.1%,
or 12.9% when compared to the sample average of 54.8%.

In Table 3, we report the performance implications of
preferred assignment and task characteristics as a precursor
to testing our hypotheses. Results for operational efficiency
(length of stay) and cost (total charges) are reported in
M1 and M2 using GLM models with a gamma family
and logistic link, while quality outcomes (readmission and
adverse event rates) are reported in M3 and M4 using GLM
models with binomial family and logit link. All models
include adjustments for patient characteristics and year
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Fig. 1 Percentage Deviations Based on Patient Volume, Day of the Week, and Time of the Day

fixed effects, with standard errors clustered by physician. As
M1 and M2 show, preferred assignment has a statistically
significant effect on costs (p < 0.001), specifically in
increasing the length of stay and total charges. M3 and
M4 indicate no statistically significant relationship between
preferred assignment and quality outcomes. With regard to

task categories, M1 and M2 show that well-defined tasks do
not have a statistically significant effect on length of stay
and cost outcomes, though have a statistically significant
negative effect on readmission rates (p < 0.001) and
statistically significant positive effect on adverse event rates
(p < 0.001), as displayed in M3 and M4. Thus, well-

Table 2 Task-related factors
associated with preferred
assignment

Dependent Variable: Preferred Assignment Coefficients AME

Type of physician assigned (specialty) -0.201*** –

(0.0496)

Well-defined task -0.126 -0.0173

(0.100)

High complexity task 1.071*** 0.1483

(0.116)

High contact task -0.523*** -0.0718

(0.140)

Resource-intensive task 0.209 0.0494

(0.154)

Generalized linear model results reported (binomial family, logit link). Standard errors are in parentheses.
Model is adjusted by patient characteristics and patient volume, and clustered by physician assigned.
Includes year fixed effects. *** p < 0.001. AME = Average marginal effect
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Table 3 Performance implications of preferred assignment and task categories

Dependent Variable: Operational Efficiency Cost Quality

Length of stay (days) Total charges ($) Readmission, 30-day Adverse event

Variables M1 M2 M3 M4

Preferred assignment 0.144*** 0.181*** 0.155 -0.0559

(0.0344) (0.0355) (0.166) (0.180)

Type of physician assigned (specialty) 0.0210 0.0293 -0.01105 0.156**

(0.0140) (0.0155) (0.0451) (0.0496)

Well-defined 0.00253 -0.00254 -0.749*** 0.618***

(0.0312) (0.0321) (0.136) (0.157)

High complexity 0.00254 0.0314 -0.411* -1.195***

(0.0345) (0.0356) (0.164) (0.175)

High contact 0.118** 0.233*** -0.330 -0.146

(0.0431) (0.0444) (0.197) (0.208)

Resource-intensive 0.102* 0.139** -0.525* -0.439

(0.0480) (0.0496) (0.236) (0.270)

Constant 1.906*** 10.58*** -3.096*** -2.648***

(0.213) (0.225) (1.119) (0.930)

N 4,729 4,729 4,729 4,729

Generalized linear model results reported (M1-M2: gamma family, logistic link; M3-M4: binomial family, logit link). Standard errors are in
parentheses. Model is adjusted by patient characteristics and patient volume, and clustered by physician assigned. Includes year fixed effects. * p
< 0.05, ** p < 0.01, *** p < 0.001

defined tasks have a mixed effect on quality outcomes,
demonstrating lower readmission occurrences yet higher
instances of adverse events.

For high complexity tasks, M1 and M2 in Table 3
indicate no statistically significant effects on length of stay
and cost outcomes. However, M3 and M4 show that high
complexity tasks, compared to those with low complexity,
have readmission occurrences that were significantly lower
(p < 0.05), and adverse event instances that were also
significantly lower (p < 0.001). Considering M1 and
M2, we also see that tasks requiring high (versus low)
contact and those that were resource-intensive (versus those
with low resource requirements) had significantly longer
length of stay and higher total charges. M3 and M4 show
no statistically significant effects on either of the quality
outcomes for high contact tasks, yet statistically significant

declines in 30-day readmission for resource intensive tasks
(p < 0.05). Table 4 provides a summary of the results in
Table 3 and highlights our main findings.

To further examine the results from Tables 3 and 4,
specifically the combined effect of task characteristics and
preferred assignment on performance, we tested interaction
effects. The results are shown in Table 8 in the Appendix.
Our first hypothesis (Hypothesis 1) is that following the
preferred assignment will yield higher performance for
tasks that are well-defined. The results in Table 8 (see
M5 and M10 there) show that the well-defined × pre-
ferred assignment interaction has a negative coefficient
for both operational efficiency and cost outcomes (p <

0.001 for length of stay and total charges). However, the
interaction is statistically insignificant for both quality out-
comes, as shown in M15 and M20. Figure 2(a) and (b)

Table 4 Summary of performance implications across task categories

Dependent Variable: Operational Efficiency Cost Quality

Length of stay (days) Total charges ($) Readmission, 30-day Adverse event

Well-defined task 0 0 - +

High complexity task 0 0 - -

High contact task + + 0 0

Resource-intensive task + + - 0

Notes: + = positive effect; - = negative effect; 0 = no effect.

+ = positive effect; - = negative effect; 0 = no effect.
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graphically capture the marginal effects of preferred assign-
ment and well-defined tasks, indicating that Hypothesis 1
is not supported by the significant interactions pertaining
to length of stay and total charges outcomes. Specifi-
cally, comparing preferred and deviating assignments, we
observe that preferred assignments are associated with an
increase of 0.304 days and $6,160 in length of stay and
total charges, respectively, for well-defined tasks. How-
ever, the graphs also demonstrate that (1) well-defined
tasks have lower length of stay and total charges com-
pared to poorly-defined tasks when assignment is preferred;
and (2) although preferred assignment, compared to devi-
ating assignment, tends to increase both length of stay
and total charges, the effect is greater for poorly-defined
tasks. These findings indicate that following the preferred
assignment is more detrimental for poorly defined tasks
(increase in length of stay by 2.00 days and in total
charges by $19,983), supporting the notion that deviations
in assignment benefits operational efficiency and cost out-
comes more for poorly-defined tasks than for well-defined
tasks.

Hypothesis 2 postulates that following the preferred
assignment will result in worse performance for tasks
with high complexity. In M6 and M11 (Table 8 in the
Appendix), we see no statistically significant effect related
to the interaction high complexity × preferred assignment
on either operational efficiency or cost. Similarly, M16 and
M21 indicate no statistically significant effect on either
of the two dimensions of quality as it relates to high
complexity and preferred assignment.

Hypothesis 3 states that preferred assignment results
in worse performance when tasks involve high contact.
M7 and M12 in Table 8 (see the Appendix) show that
both length of stay and total charges have a statistically
significant negative coefficient (p < 0.001 and p < 0.01)
for the high contact × preferred assignment interaction.

In terms of quality outcomes, M22 shows a statistically
significant positive effect (p < 0.001) on adverse events,
indicating that for high contact tasks preferred assignments
have an increased incidence of adverse events. However,
our results show statistically insignificant effects in the
other quality outcome, 30-day readmission, as shown in
M17. To further evaluate these effects, Fig. 3(a) and (b)
demonstrate the predicted length of stay and cost outcomes
associated with high contact × preferred assignment. These
graphs show partial support for our hypothesis, in that
compared to deviations in assignment, preferred assignment
reduces length of stay by 0.013 days but increases total
charges by $3,432. However, the figures also demonstrate
a steeper slope for low contact tasks, indicating that
deviation is likely more beneficial for low compared to
high contact tasks. In addition, from Fig. 3(c), we observe
that preferred assignment for high contact tasks increases
the likelihood of adverse events by 4.83%, compared to
situations when assignment deviates. Thus, our findings are
somewhat mixed for outcomes related to high contact tasks
with preferred assignment: while operational efficiency
improves, cost and quality (in terms of adverse events)
degrade.

Finally, Hypothesis 4 suggests that following the
preferred assignment improves performance for tasks that
are resource-intensive. In Table 8 (see the Appendix),
M8 and M13 show statistically significant negative effects
in support of this hypothesis. We see no statistically
significant results, however, for the quality measures in
M18 and M23. In examining this interaction (resource-
intensive × preferred assignment), Fig. 4(a) and (b) provide
graphs illustrating the moderating effect, which show
that in comparison to deviations in assignment, preferred
assignment involves lower length of stay by approximately
4.4 days and lower total charges by $24,030 when tasks have
high resource intensity.

Fig. 2 Predicted Performance Outcomes Resulting from Interaction of Preferred Assignment and Well-Defined Tasks
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Fig. 3 Predicted Performance Outcomes Resulting from Interaction of Preferred Assignment and High Contact Tasks

Fig. 4 Predicted Performance
Outcomes Resulting from
Interaction of Preferred
Assignment and
Resource-Intensive Tasks
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4.1 Summary of hypothesis tests

The summary of our results regarding our hypothesis
tests is provided in Table 5. The table shows that the
majority of our hypotheses cannot be rejected, especially
when we consider all three sets of performance outcomes
(operational efficiency, cost, and quality). However, the
table indicates that we can reject our first hypothesis
(Hypothesis 1) with respect to operational efficiency and
total cost outcomes, implying that following preferred
assignment for well-defined tasks on average worsens these
performance outcomes. This runs counter to our proposed
hypothesis; one reason may be that, since these tasks
are more straight-forward, any professional (generalist or
specialist) has the necessary information and skills to be
assigned. Thus, it may be better to assign either role in light
of other organizational conditions (e.g., staff availability,
personal experience dealing with these tasks, etc.).

We can also reject Hypothesis 3 with respect to opera-
tional efficiency. Specifically, deviations in assignment for
high contact tasks produce worse outcomes on average in
terms of the patients’ length of stay. A possible reason for
this is that high contact tasks involve patients who more
frequently interact with their assigned physician, and could
therefore extend their hospitalization time, since they are
more likely to communicate issues; a deviation in assign-
ment from the preferred professional could prolong the
clinicians response time and the ability to manage these
issues, if the professional is not as experienced or versed in
dealing with the patient’s concerns. On the other hand, our
results indicate that Hypothesis 3 cannot be rejected with
respect to total cost and adverse event outcomes. The mixed
results regarding Hypothesis 3 may reflect the nature of high
contact tasks, in which patients may have more interactions
with their assigned physician.

Finally, we observe that Hypothesis 4 cannot be
rejected with respect to operational efficiency and total
cost outcomes. Taken together, these results suggest that
providing physicians with the flexibility to deviate from
preferred assignments is beneficial in (a) well-defined tasks
(improving operational efficiency and costs), and (b) high

contact tasks (improving costs and adverse events, though at
the expense of lower operational efficiency). For other tasks,
preferred assignments should be enforced, as deviations
either negatively impact performance or yield no tangible
benefits.

4.2 Mechanism: mediation analysis

To shed light on a potential mechanism that can be behind
our main findings, we made use of mediation analysis.
Specifically, we examined whether and how the use of
advanced imaging during hospitalization can mediate the
relationship between preferred assignment and the four
outcomes of interest (length of stay, total charges, 30-day
readmission, and adverse events). To this end, we first
identified hospitalizations in which resources such as MRIs,
CT scans, or nuclear radiology were used at least once
(approximately 25% of the hospitalizations in our sample).
We then tested the mediating impact of utilizing such
resources and conducted separate tests for each task type.
To do these, we employed a bootstrapping approach to run
simple mediation models (see, e.g., [68]), and estimated the
direct and indirect effects of preferred assignment (by task
type via the advanced imaging mediator) on each of the
four outcome variables. Our model specifications included
the following: since length of stay is a count variable, we
used Poisson regression; since total charges represents a
continuous variable, we used linear regression, and since
30-day readmission and adverse events are both binary
outcomes, we used logistic regression.

The main results of our mediation analysis are shown in
Table 9 (see the Appendix) for each task type: well-defined
tasks (n = 3, 222), high complexity tasks (n = 2, 289), high
contact tasks (n = 1, 686), and resource-intensive tasks
(n = 1, 806). With regard to well-known tasks, our results
indicate that advanced imaging has a mediating effect for
length of stay and total charges. Employing bootstrapping
analysis with 1,000 iterations, preferred assignment for
high contact tasks shows a significant effect on advanced
imaging (B = −0.291, se = 0.079, p < 0.01), which in
turn has a significant effect on length of stay (B = 0.996,

Table 5 Summary of hypothesis tests

Hypothesis # Operational Efficiency Cost Quality

Length of stay (days) Total charges ($) Readmission rate, 30-day Adverse event

1 F F – –

2 – – – –

3 F T – T

4 T T – –

T = true; F = false; – = insignificant results
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se = 0.015, p < 0.001) and total charges (B = 68, 046,
se = 9263, p < 0.001). With regard to high contact
tasks, we find mediating effects for length of stay and total
charges as well. Specifically, we find a significant effect of
preferred assignment on advanced imaging (B = −0.503,
se = 0.129, p < 0.001), which in turn has a significant
effect on length of stay (B = 1.138, se = 0.021, p < 0.001)
and total charges (B = 106, 792, se = 16, 719, p < 0.001).
In terms of resource-intensive tasks, preferred assignment
demonstrates a significant effect on advanced imaging (B =
−0.294, se = 0.120, p < 0.05) which subsequently has
a significant effect on total charges (B = 87, 622, se =
15, 401, p < 0.001). We do not observe mediation effects
for highly complex tasks, as these models have insignificant
NIE values.

To gain a deeper understanding, we also examined
whether the mediation effect of utilizing advanced imaging
resources depended on the type of the provider assigned.
This allows us to generate more insights into the mediation
effect of use of advanced imaging, especially when we
note that (a) specialist and generalists tend to use advanced
imaging at different rates (even after adjusting for other
variables such as patient conditions, comorbidities, etc.),
and (b) whether or not there is a deviation in assignment
can impact use of advanced imaging, since it affects the
type of physician that is assigned. Table 10 (see the
Appendix) shows the result of running separate models
for hospitalizations in which a generalist is assigned
(n = 1, 477) and those in which a specialist is assigned
(n = 3, 252), both according to the guideline (i.e., what
the preferred assignment indicates). Generalist assignment
according to the guideline shows a significant effect on
advanced imaging (B = −1.502, se = 0.232, p < 0.001),
which in turn has a significant effect on length of stay
(B = 1.007, se = 0.025, p < 0.001) and total charges
(B = 53, 474, se = 4, 663, p < 0.001), indicating
meditating effects for these outcomes. However, the NIE is
not significant for 30-day readmission and the occurrence
of adverse events, and hence, we do not observe mediating
effects on these outcomes.

We followed similar procedures for analyzing the
hospitalizations in which a specialist is assigned. Specialist
assignment according to the guideline has a significant
effect on advanced imaging (B = 0.544, se = 0.103,
p < 0.001), which subsequently has a significant effect on
length of stay (B = 0.992, se = 0.014, p < 0.001) and
total charges (B = 81, 019, se = 9, 453, p < 0.001),
indicating meditating effects for these outcomes. However,
we again do not observe significant mediating effects for the
30-day readmission and adverse event outcomes (NIE is not
significant in these cases).

In summary, our mediation analysis shows that advanced
imaging mediates the relationship between preferred assign-
ment and total charges for resource-intensive tasks. In
addition, we find that advanced imaging partially mediates
the relationship between following the preferred assign-
ment and outcome variables such as length of stay and total
charges, especially for high contact tasks. The mediating
effect of use of advanced imaging also depends on whether
the preferred assignment suggests putting a specialist or a
generalist in charge. This heterogeneity is, however, to some
extent expected, given that the use of advanced imaging is
not similar across these two types of providers.

In interpreting our results, we caution that our conclu-
sions might be biased due to potential mediator-outcome
confounding (see, e.g., [71]) or other concerns related to the
use of “bad controls” (see, e.g., [2]). Our various investi-
gations, however, suggest that these concerns in our setting
are likely mitigated. This is partially because we are using
a exposure-mediator interaction method [68, 71], and con-
cerns about the mediator being endogenous is a bit less
prominent in this method than traditional methods. Further-
more, as [68] state, to control for mediator-outcome con-
founding “the investigator must adjust for common causes
of the mediator and the outcome.” In our setting, we have
adjusted for many variables that could be common causes
of the mediator and outcomes (see, e.g., the list of vari-
ables in Section 3.3). For these and other reasons, in our
equations the correlation between the error terms and the
mediator are fairly weak, suggesting that the mediator is
likely exogenous. More importantly, use of sensitivity anal-
ysis (see, e.g., Section 5.6 in [71]) suggest that even if
our estimates are biased due to these concerns, our conclu-
sions (e.g., directional effects) likely remain fairly robust
when relevant adjustments are made. Nevertheless, we can-
not fully rule out the potential impact of these important
concerns. Thus, we believe our findings should mainly be
interpreted in terms of correlations (or at best “suggestive”
causations) that need to be further investigated in future
research (e.g., through rigorous experiments).

4.3 Providing recommendations using
cost-effectiveness analyses

To provide clear recommendations for hospital administra-
tors, if they choose to develop more formalized guidelines
around preferred assignments, we considered five counter-
factual policies corresponding to imposing the guideline
fully or partially. Specifically, in Table 6 we summarized the
predicted impact of adhering to preferred assignment for all
task types (Scenario 1), well-defined tasks only (Scenario
2), high complexity tasks only (Scenario 3), high contact
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Table 6 Predicted impact of different counterfactual scenarios (compared to current practice) due to adhering to preferred assignment

Scenario LOS (days) Charges ($) Readmission (%) Adverse Events (%)

Scenario 1 (all tasks) -0.046 -$538 – 0.01%

Scenario 2 (well-defined tasks only) 0.466 $8,474 – –

Scenario 3 (high complexity tasks only) – – – –

Scenario 4 (high contact tasks only) -0.072 $2,178 – 4.14%

Scenario 5 (resource-intensive tasks only) -2.252 -$23,566 – –

– = insignificant results

tasks only (Scenario 4), and resource-intensive tasks only
(Scenario 5).

Our results show that among these scenarios, Scenario 5
(imposing the guideline only for resource-intensive tasks)
should be viewed as best followed by Scenario 1 (imposing
the guideline for all task types). However, we find that
other scenarios should be avoided as they can degrade
performance compared to the current practice. In addition,
we find that there is a tradeoff in Scenario 1: if it is pursued
by hospital administrators, operational efficiency (LOS) and
costs (total charges) would improve but quality (adverse
events) would worsen.

To assist hospital administrators in understanding the
underlying tradeoff in cost versus quality inherent in imple-
menting Scenario 1, we applied cost-effectiveness analysis.
In particular, in Fig. 5, we depict the region in which pur-
suing Scenario 1 is cost-effective. In this figure, we used
the widely-accepted Willingness-To-Pay (WTP) rate of
$100,000 per Quality-Adjusted Life Years (QALY). The
figure indicates that at this WTP rate, imposing Scenario 1
is cost-effective unless the impact of the increase in adverse
events on QALY is high (specifically, higher than about
0.53 QALYs per 1% adverse events).7 Thus, Scenario 1
should be viewed as a cost-effective alternative to Scenario
5. However, as noted earlier, our results indicate that Sce-
nario 5 is the best scenario among the five counterfactual
ones considered, as it yields tangible benefits on operational
efficiency and costs measures without any negative impact
on metrics related to quality.

5 Robustness checks

We conducted a series of robustness checks to ensure that
our main findings were not affected by endogeneity issues,
the measurement used to define consensus opinion, the set
of controls involved, or other model specifications. To this

7Since our partner hospital is a children’s hospital, we note that adverse
events can be more consequential (i.e., have long-term and lasting
effects on patients) than in non-children hospitals. Yet, it is unlikely
that the average impact of adverse events on QALY can reach this high
level.

end, we reran our analyses using (a) instrumental variable
(IV) analysis, (b) matching, (c) alternative approaches
for measuring consensus opinion, (d) additional control
variables, and (e) adjustments allowing us test the potential
impact of inherent correlations between our outcome
variables.

5.1 Instrumental variable (IV) analysis

To address potential concerns with endogeneity that may
be associated with unobservable variables in our analysis,
we used an instrumental variable (IV) approach with
specifications comparable to our original GLM models.
Specifically, we fit GLM models using 2-stage nonlinear
least squares. The details of our IV analysis, which we
used as one way of checking the robustness of our main
findings presented in the previous sections, are provided in
the Appendix. Overall, our results indicate that our main
findings are relatively robust, and not biased due to potential
endogeneity issues.

5.2 Matching analysis

To further corroborate our findings, we re-ran our analyses
using a matched sample. Specifically, we employed the 1-
nearest neighbor propensity score matching approach to

Fig. 5 Cost-Effectiveness of Scenario 1 (Imposing the Guideline for
All Task Types)
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first balance the covariates in our treatment (i.e., assignment
matching preferred/guideline) and control (i.e., assignment
deviating from preferred/guideline) groups. We carried out
models for each outcome measure, specifying a caliper of
3 for our baseline analysis (we also varied this caliper to
further ensure robustness). The main results are provided in
Table 7,8 and support our prior findings, with the exception
of high contact tasks with respect to the length of stay
outcome, and resource-intensive tasks with respect to the
30-day readmission outcome. The fact that our findings did
not change notably from our prior analysis further supports
the robustness of our results. Finally, Table 11 presents the
standard differences and variance ratios for the main patient
characteristics used for matching. For each of the covariates,
comparing across the treatment and control groups, the
standard difference is very close to zero and the variance
ratios approximated one. This suggests that our approach
has been effective in creating nearly balanced covariates,
and hence, the fact that we observe similar results with and
without matching should not be attributed to a potential
inefficiency in our approach in creating matched samples.

5.3 Measuring consensus opinion

We used physicians’ consensus opinion from the survey
we administered to determine the preferred assignment.
Consensus occurred when at least 50% of the physicians
surveyed agreed that a generalist or a specialist should
be assigned to patients with a particular diagnosis. Using
a threshold of 50% as the minimum level is consistent
with the literature. For example, similar to our approach,
in [22], a consensus is considered when at least 50% of
the votes indicate a specific outcome. Likewise, in studies
such as [37, 38, 43, 69, 73], and [39], lack of consensus
is defined as when the votes from respondents fall below a
50% agreement. Nonetheless, to test the robustness of our
results to this definition of consensus opinion, we used two
different approaches.

First, we measured percentage agreement for each
diagnosis in our survey and ran each model separately by
altering the threshold on the minimum percent agreement
to 45% and 55% instead of 50%. Tables 12 and 13 (see
the Appendix) show that the results are consistent with our
original findings.

8Further details, including the main matching variables and balance of
covariates, are presented in Table 11.

In our second approach, we calculated a reliability
coefficient which is part of the derivation of Fleiss’ inter-
rater reliability measure, kappa [26]:

Pi = 1

n(n − 1)

k∑

j=1

nij (nij − 1),

where n is the total number of raters (medical expert
respondents), i is the item being rated (diagnoses), j

represents the category selected by the raters (generalist
or specialist assigned), k is the total number of categories
(k = 2 in our setting), and nij is the number of raters
who chose category j for item i. We used this approach
as an alternative, because Pi can be used with small or
variable sample sizes, and in calculating it agreement is
weighted by the number of expert raters. Furthermore, this
approach considers the fact that agreements by chance
are unlikely, since the expert raters likely have previous
knowledge about the items in the survey. Pi can range from
0 (perfect disagreement) to 1 (perfect agreement). We chose
a threshold of 0.5 on Pi (as is common in the literature) to
define consensus opinion for each medical diagnosis in the
survey. Table 14 (see the Appendix) displays similar results
to our earlier reported findings, supporting the robustness of
our results to our original measure for consensus opinion.
Finally, we observed that changing the threshold of 0.5 on
Pi does not significantly change our findings.

5.4 Additional control variables

To further test the robustness of our results, and check for
the possible impact of other variables related to physician
workflow, we incorporated two additional control variables.
First, we created a variable for weekend service, which
represents when a patient was served on a Saturday or
Sunday when staffing is more limited versus another time
during the week. Second, we included a variable for shift
change, to represent the times in which providers would
either just arrive to their shift or just leave their shift. At our
partner hospital, shift changes are at 8am and 5pm so we
included the 10-minute window around those times and our
variable captures whether patients were served during those
periods. In both instances, our results show robustness,
matching our prior findings. Specifically, we observe that
adding these control variables does not significantly impact
our findings, indicating that our set of original control
variables capture the important variations among different
hospitalizations in our data set.
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Table 7 Summary of performance implications across task categories, using the 1-nearest neighbor propensity score matching approach

Dependent Variable: Operational Efficiency Cost Quality

Length of stay (days) Total charges ($) Readmission, 30-day Adverse event

Well-defined task − − − 0

High complexity task + 0 − −
High contact task − 0 − 0

Resource-intensive task 0 0 + −

+ = positive effect; - = negative effect; 0 = no effect

5.5 Bonferroni correction

We also assessed the robustness of our results to the
assumption that our outcome variables are independent.
If this assumption is violated, the chance of incorrectly
rejecting a null hypothesis (i.e., making a Type I error)
in our setting increases. In particular, our hypothesis tests
might have yielded incorrect results purely by chance,
since we conducted multiple comparisons on different
outcomes. To address this concern, we first used correlation
analysis to directly test the level of correlation between our
outcome variables. We observed that the only considerable
level of correlation is between total charges and length
of stay. This is expected, given that a longer length of
stay almost always involves additional expenditures due
to use of more resources such as extra tests, staff time,
and higher bed usage, among other factors. Regardless,
to fully examine to robustness of our results to the
potential correlation among all the outcome variables,
we then applied a very conservative approach. Namely,
we used Bonferroni correction, by simply adjusting the
significant p-values, such that a minimum threshold
of 0.0125 (or 0.05 divided by 4 outcome variables)
would indicate significance. In applying this conservative
approach, we still attained significant or marginally
significant results, and observed that our original results
hold. This gives us further confidence about the robustness
of our findings to the assumption of outcome independence.
In addition to this conservative Bonferroni adjustment, we
also considered using other, less conservative approaches,
including Hochberg, Hommel, Holm, and Benjamini
Hochberg and Yekutieli procedures. These approaches vary
in their level of conservativeness. The Bonferroni test is,
however, the most conservative [6] one and gives us the
maximum confidence about the robustness of our results.

6 Limitations

Our study has some limitations. First, we performed
this analysis at a single institution in the healthcare

sector. Future work may conduct a similar analysis in
other hospitals, as well as across other sectors that rely
on professional overlapping expertise. Another limitation
of this study is that the implementation of preferred
assignment guidelines did not formally occur in our
analysis. Specifically, we built our understanding of
preferred assignment on prior work explaining how they
are typically a product of consensus opinion [12]. Thus,
the way the majority of physicians in our sample viewed
assignments was retrospectively chosen as the main factor
determining the preferred practice. In the ideal study,
which future research in this area could attempt, preferred
practices would be formally made known as guidelines
to professionals, and analysis of performance could occur
using prospective data. In addition, we controlled for the
nature of the work being performed by generalist and
specialist physicians, namely the nature of the patients’
diagnoses in our data set. However, we may be missing
aspects of the task that could impact performance outcomes.
For example, 30-day readmissions were not adjusted to
account for whether a diagnosis involved a scheduled future
hospitalization due to the nature of the condition and
follow-up treatment required. Finally, while our various
robustness checks indicate that our main findings are
fairly robust and not affected by potential endogeneity
issues (that can make our result biased), how consensus
opinion is measured, the set of controls included, or other
model specifications, deriving causal conclusions from an
observational data set like ours can still be subject to
various errors. Thus, one needs to be cautious in making
such conclusions. More importantly, given the significant
implications that our findings can have for hospitals, we
hope future research can conduct an appropriate RCT,
which can further test the validity of the evidence we
establish.

7 Concluding remarks

Our work is motivated by the contrast between (a)
operations management and organizational theories that
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promote standardization and reduction of deviations from
preferred assignments, and (b) decision theories and the
conventional wisdom that suggest professionals should be
given the opportunity to deviate as needed. Our results
take a task-type view of this contrast by generating insights
into specific task types for which deviations can improve
performance.

Our study shows that providing physicians with the
flexibility to deviate from preferred assignments can
improve performance when (a) patient needs are well-
defined (improving operational efficiency and cost), or
(b) serving the patient requires high contact (improving
costs and adverse events, though at the expense of
lower operational efficiency). For other task types, we
find that hospital administrators should enforce preferred
assignments. In addition, our mediation analysis aimed at
understanding the mechanism behind our findings indicates
that use of advanced imaging (e.g., MRIs, CT scans, or
nuclear radiology) plays a significant role in how deviations
impact performance outcomes. This implies that, at least
in our partner hospital, hospital administrators should
better regulate use of advanced imaging. We expect that
better understanding the underlying differences between
specialists and generalists in using resources such as
MRIs, CT scans, and nuclear radiology, and consequently
providing appropriate training programs can go a long way.

Our results also provide evidence for a no free lunch
theorem: while for some task types deviations from
preferred assignments are beneficial from some aspects,
they are simultaneously detrimental from other aspects.
Hence, in contrast with the finding that enforcing preferred
assignments is the dominant strategy for some tasks types
(e.g., resource-intensive tasks), permitting deviations is
typically not dominantly the better option (regardless of the
task type). Furthermore, our findings allude to the possible
interplay between professional status and deviations from
preferred assignments in practice, which is worthy of future
research.

Finally, our results show that there might be environ-
mental conditions under which deviations occur more fre-
quently. In particular, we find that such deviations occur
more during weekends than weekdays, and during morning
shifts (8am-1pm) than other shifts. However, we observe
that deviations occur similarly during high congestion
(busy) and low congestion (less busy) periods, suggesting
that congestion might not be an influential environmental
factor. Future research can further investigate these issues
and provide more insights into changes in environmental
conditions that can cause an increase in deviations from
preferred assignments.

Appendix : Additional Robustness Checks
Using IV Analyses, and Additional Tables

Our selected IV was whether a generalist (versus specialist)
was assigned. We chose this variable as our instrument,
partially because (a) it is correlated with assignment
matching guideline (corr = 0.44, p < 0.001), and (b) is
not correlated with one of our main outcome variables, 30-
day readmissions (corr = 0.02, p < 0.001). We observed
that our chosen instrument is to some extent correlated with
some of the other outcome variables. Thus, we focused on
carrying out the IV analysis to test the robustness of our
findings with respect to 30-day readmissions, which is one
of the most important metrics for most hospitals.

We conceptualized our approach using the Directed
Acyclic Graph (DAG) depicted in Fig. 6. In this figure, the
treatment variable T represents when assignment matched
the guideline (preferred assignment as determined by the
consensus opinion), the instrumental variable Z represents
when a generalist was assigned, X denotes our vector
of controls, Y represents the outcome variable (30-day
readmission), and e denotes the error term variable. As this
figure shows, we considered the treatment variable (T ) as
endogenous and utilize our instrument (Z) to adjust for it.
To do so, we performed 2-stage models, with the first model
regressing the potentially endogenous variable T on Z and
X. In the second stage, we used GLM to fit each of the
outcomes on X and the fitted values of T in the first stage
(which corrected for endogeneity). We also clustered each
model by physician, as we had done previously.

From a theoretical argument perspective, we believe our
IV approach described above is valid for the following
reasons. First, our outcome variable (30-day readmission) is
mainly related to patient conditions (as opposed to the type
of provider that is originally assigned). Patient conditions

Fig. 6 The Directed Acyclic Graph (DAG) Behind Our Instrumental
Variable Approach [Z: generalist is assigned; T : assignment matches
the guideline; Y : outcome variable (30-day readmissions); X: vector
of control variables]
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Table 11 Balance of covariates
Patient characteristics Standard difference Variance ratio

Patient’s age -0.000 0.999

Male patient -0.004 1.000

Private insurance 0.003 1.002

Chronic condition indicator (CCI) 0.001 1.003

Table 12 Summary of
hypothesis tests, using 45%
agreement level to determine
preferred assignment

Hypothesis # Operational Efficiency Cost Quality

Length of stay (days) Total charges ($) Readmission rate, 30-day Adverse event

1 F – – F

2 T T T F

3 T T – T

4 T T – F

T = true; F = false; – = insignificant results

Table 13 Summary of
hypothesis tests, using 55%
agreement level to determine
preferred assignment

Hypothesis # Operational Efficiency Cost Quality

Length of stay (days) Total charges ($) Readmission rate, 30-day Adverse event

1 – – T –

2 F F – F

3 – – – –

4 T T – T

T = true; F = false; – = insignificant results

Table 14 Summary of hypothesis tests, using 0.5 reliability coefficient agreement level to determine preferred assignment

Hypothesis # Operational Efficiency Cost Quality

Length of stay (days) Total charges ($) Readmission rate, 30-day Adverse event

1 F F – T

2 – – – F

3 T T – T

4 T T – –

T = true; F = false; – = insignificant results

Table 15 Summary of performance implications across task categories, using an instrumental variable approach

Dependent Variable: Operational Efficiency Cost Quality

Length of stay (days) Total charges ($) Readmission, 30-day Adverse event

Well-defined task - - - +

High complexity task + + - -

High contact task 0 + - 0

Resource-intensive task 0 + - 0

Notes: + = positive effect; - = negative effect; 0 = no effect.

+ = positive effect; - = negative effect; 0 = no effect
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Table 16 List of the diagnoses in the survey

No. Description Division

1 ADEM, encephalopathy Neurology

2 Afebrile (unprovoked seizures) Neurology

3 Brain mass, benign Neurology

4 Guillain-Barre, CIDP, other demyelinating disorders Neurology

5 Infantile botulism Neurology

6 Infantile spasms Neurology

7 Movement disorders, dystonia Neurology

8 Myasthenia gravis Neurology

9 Neuropathy/neuritis (mono or poly) - acute Neurology

10 Neuropathy/neuritis (mono or poly) - chronic Neurology

11 Opsoclonus-myoclonus Neurology

12 Seizure - admit for video EEG Neurology

13 Seizure/epilepsy - known for
breakthrough or intractable, vs
chronic epilepsy in patient admit-
ted for other diagnosis (i.e. pneu-
monia)

Neurology

14 Stroke - known, with related problem or treatment Neurology

15 Stroke - new work-up, or with unrelated problem Neurology

16 Weakness - acute Neurology

17 Weakness and/or hypotonia - chronic Neurology

18 Abnormal thyroid function test Endocrinology

19 Adrenal insufficiency Endocrinology

20 Ambiguous genitalia Endocrinology

21 Atrophy of testis Endocrinology

22 Congenital adrenal hyperplasia Endocrinology

23 Congenital anomaly of adrenal glandCongenital anomaly of adrenal gland Endocrinology

24 Craniopharyngioma Endocrinology

25 Cushing syndrome Endocrinology

26 Cyst of thyroid Endocrinology

27 Diabetes insipidus Endocrinology

28 Diabetes insipidus, nephrogenic Endocrinology

29 Diabetes mellitus - general pediatric problem Endocrinology

30 Diabetes mellitus - problem relating to underlying disease Endocrinology

31 Diabetic ketoacidosis Endocrinology

32 Disorder of male genital organ Endocrinology

33 Disorder of menstruation & abnormal bleeding from female genital tract Endocrinology

34 Electrolyte disturbance related to an endocrine disorder Endocrinology

35 Galactorrhea Endocrinology

36 Hyperaldosteronism Endocrinology

37 Hypercalcemia Endocrinology

38 Hyperparathyroidism Endocrinology

39 Hyperthyroidism Endocrinology

40 Hypoaldosteronism Endocrinology

41 Hypocalcemia Endocrinology

42 Hypoparathyroidism Endocrinology

43 Hypothyroidism Endocrinology

44 Panhypopituitarism Endocrinology

45 Secondary diabetes Endocrinology
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Table 16 (continued)

No. Description Division

46 Thyroid cancer Endocrinology

47 Thyroid storm Endocrinology

48 Toxic diffuse goiter, without thyrotoxic crisis/storm Endocrinology

49 Unspecified congenital anomaly of genital organs Endocrinology

50 Unspecified disorder of adrenal gland Endocrinology

51 Acute liver failure Gastroenterology

52 Ascites Gastroenterology

53 Attention to colostomy, ileostomy, J-tube, G-tube Gastroenterology

54 Cholangitis Gastroenterology

55 Chronic liver disease Gastroenterology

56 Complication due to CVC Gastroenterology

57 Congenital biliary atresia Gastroenterology

58 Conjugated hyperbilirubinemia Gastroenterology

59 Constipation, NOS Gastroenterology

60 Constipation, related to chronic GI disease Gastroenterology

61 Crohn’s disease - presenting with complication of disease Gastroenterology

62 Crohn’s disease, stable - presenting with general pediatric problem Gastroenterology

63 Dysphagia Gastroenterology

64 Esophagitis Gastroenterology

65 Gastroesophageal reflux Gastroenterology

66 Hematemesis Gastroenterology

67 Hematochezia Gastroenterology

68 Hepatitis, acute Gastroenterology

69 Hepatitis, autoimmune Gastroenterology

70 Intestinal dysmotility - small bowel Gastroenterology

71 Intestinal dysmotility - colon Gastroenterology

72 Intestinal malabsorption Gastroenterology

73 Intestinal pseudo-obstruction Gastroenterology

74 Pancreatitis, acute Gastroenterology

75 Pancreatitis, chronic Gastroenterology

76 Persistent vomiting Gastroenterology

77 Portal hypertension Gastroenterology

78 Short Bowel Syndrome - presenting with complications of disease Gastroenterology

79 Short Bowel Syndrome, stable -
presenting with general pediatric
problem or complication due to
CVC

Gastroenterology

80 Ulcerative colitis - presenting with complication of disease Gastroenterology

81 Ulcerative colitis, stable - presenting with general pediatric problem Gastroenterology

82 Anemia - new workup Hematology- Oncology

83 Anemia - known d/o, admitted with heme issue Hematology- Oncology

84 Anemia - known d/o admitted with gen peds issue Hematology- Oncology

85 Anemia due to any reason, that is severe and requiring blood products Hematology- Oncology

86 Neutropenia - new workup Hematology- Oncology

87 Neutropenia - known d/o admitted with heme issue Hematology- Oncology

88 Neutropenia - known d/o admitted with gen peds issue Hematology- Oncology

89 Thrombocytopenia - new workup Hematology- Oncology

90 Thrombocytopenia - known d/o admitted with heme issue Hematology- Oncology
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Table 16 (continued)

No. Description Division

91 Thrombocytopenia - known d/o admitted with gen peds issue Hematology- Oncology

92 Combo of cytopenias - with HSM, mediastinal mass,
lymphadenopathy, or peripheral blasts - new workup

Hematology- Oncology

93 Combo of cytopenias - no HSM, no lymphadenopathy, no
peripheral blasts - new workup

Hematology- Oncology

94 Combo of cytopenias - known d/o, admitted with heme related issue Hematology- Oncology

95 Combo of cytopenias - known d/o, admitted with gen peds issue Hematology- Oncology

96 Factor disorders, admitted for any reason Hematology- Oncology

97 SS, SC, or Sthal admitted for any reason Hematology- Oncology

98 Thrombotic disorders, admitted for gen peds issue Hematology- Oncology

99 Thrombotic disorders, new diagnosis admitted for work-up
or known dx admitted for heme issue

Hematology- Oncology

100 Histiocytic disorders (HLH), admitted for any reason Hematology- Oncology

101 Histiocytic disorders (LCH), admitted for any reason Hematology- Oncology

102 Bloodstream infection - known hematologic/onc. disorder and CVC Hematology- Oncology

103 Active malignancy, on treatment or end stage, admitted
with any issue, including but not limited to, chemotherapy,
fever and neutropenia - but excludes rehab

Hematology- Oncology

104 Active malignancy, admitted for rehab Hematology- Oncology

105 History of malignancy, now in remission and not getting
therapy, less than one year off therapy with gen peds issue

Hematology- Oncology

106 History of malignancy, now in remission and not getting
therapy, more than one year off therapy with gen peds issue

Hematology- Oncology

107 History of malignancy, now in remission and not getting
therapy, more than one year off therapy, admitted with
original presenting symptoms (relapse possibility)

Hematology- Oncology

108 History of malignancy, now in remission and not getting
therapy, more than one year off therapy, admitted with
known side effects of prior chemotherapy

Hematology- Oncology

109 Lymphadenopathy without mediastinal mass or cytopenias or peripheral blasts Hematology- Oncology

110 Lymphadenopathy with mediastinal mass or cytopenias or peripheral blasts Hematology- Oncology

111 New mass work-up Hematology- Oncology

112 New intracranial mass, no diagnosis established Hematology- Oncology

113 New intracranial mass, incompletely resected (benign) Hematology- Oncology

114 New intracranial mass, incompletely resected (malignant) Hematology- Oncology

115 Chronic lung disease patient, followed by the pulm service,
admitted for exacerbation (includes RAD, pneumonia,
etc.)

Pulmonology

116 Chronic lung disease patient, not followed by the
pulm service, admitted for exacerbation (includes RAD,
pneumonia, etc.)

Pulmonology

117 Chronic lung disease of infancy/BPD preparing for first discharge Pulmonology

118 Chronic Lung Disease of infancy/BPD with intercurrent illness Pulmonology

119 Cystic fibrosis with admission not related to underlying CF (e.g. cellulitis) Pulmonology

120 Cystic fibrosis with admission related to underlying CF (e.g. pneumonia, pancreatitis) Pulmonology

121 New home ventilator discharge Pulmonology

122 Obstructive sleep apnea, newly diagnosed admitted for management Pulmonology

123 Obstructive sleep apnea, previously diagnosed admitted for further management Pulmonology

124 Pt’s with assisted ventilation (via trach/mask, CPAP, BPaP,
diaphragm pacing) admitted with gen peds issue

Pulmonology
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Table 16 (continued)

No. Description Division

125 Pt’s with assisted ventilation (via trach/mask, CPAP, BPaP,
diaphragm pacing) admitted with issue related to the
underlying pulm disease

Pulmonology

126 Pulmonary hypoplasia/congenital diaphragmatic
hernia/other pulm anatomical abnormality

Pulmonology

127 Tracheitis with ventilator dependence Pulmonology

128 Tracheitis without ventilator dependence Pulmonology

129 Ankylosing spondylitis Rheumatology

130 Arteritis Rheumatology

131 Behcets Rheumatology

132 Chronic nonbacterial osteomyelitis (CNO) Rheumatology

133 Chronic pain Rheumatology

134 Circumscribed scleroderma Rheumatology

135 Dermatomyositis Rheumatology

136 Familial mediterranean fever Rheumatology

137 Fibromyalgia Rheumatology

138 Overlap syndrome Rheumatology

139 Pauciarticular jia Rheumatology

140 Polyarteritis nodosa Rheumatology

141 Polyarticular jia Rheumatology

142 Psoriatic arthropathy Rheumatology

143 Rheumatoid arthritis (RA) Rheumatology

144 Spondylopathy Rheumatology

145 Systemic jia Rheumatology

146 Systemic lupus erythematosus Rheumatology

147 Systemic sclerosis Rheumatology

148 Takayasus Rheumatology

149 Uveitis acute Rheumatology

150 Uveitis chronic Rheumatology

151 Wegeners granulomatosis Rheumatology

152 Arrhythmia - new Cardiology

153 Mechanical complication due to cardiac pacemaker Cardiology

154 Kawasaki’s Disease Cardiology

155 Heart Transplant Cardiology

156 Heart Murmur Cardiology

157 Endocarditis Cardiology

158 Disorder cardiac valve(s) - presenting with general pediatric problem Cardiology

159 Disorder cardiac valve(s) - presenting with complication of disease Cardiology

160 Disorder cardiac valve(s) - new diagnosis Cardiology

161 Cyanosis Cardiology

162 Congestive heart failure Cardiology

163 Congenital Heart Disease - new Cardiology

164 Congenital heart disease - presenting with general pediatric problem Cardiology

165 Congenital heart disease - presenting with complication of underlying disease Cardiology

166 Congenital heart block Cardiology

167 Congenital coronary artery anomaly - presenting with general pediatric problem Cardiology

168 Complication due to heart valve prosthesis Cardiology

169 Chest Pain Cardiology
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Table 16 (continued)

No. Description Division

170 Cardiomyopathy Cardiology

171 Arrhythmia - stable, presenting with general pediatric problem Cardiology

172 Myocarditis Cardiology

173 Pericardial effusion Cardiology

174 S/P Cardiac Catheterization Cardiology

175 S/P Cardiac Surgery Cardiology

176 Syncope Cardiology

Table 17 Full version of Table 2

Preferred Assignment

Type of physician assigned (specialty) -0.201***

(0.0496)

Well-defined task -0.126

(0.100)

High complexity task 1.071***

(0.116)

High contact task -0.524***

(0.140)

Resource-intensive task 0.209

(0.154)

Patient volume -0.0293

(0.0300)

Patient age (years) -0.0475***

(0.00754)

Male patient -0.139

(0.0904)

Private Insurance 0.00436

(0.0977)

Chronic condition indicator

(CCI) (base CCI = 0)

1 0.381**

(0.144)

2 0.358*

(0.150)

3 0.0634

(0.175)

4 -0.0926

(0.234)

Year (base year = 2009)

2010 0.0692

(0.195)

Table 17 (continued)

Preferred Assignment

2011 0.199

(0.190)

2012 0.315

(0.188)

2013 0.235

(0.188)

2014 0.257

(0.190)

2015 0.135

(0.204)

Flu season -0.0198

(0.0921)

Weekend discharge -0.128

(0.113)

Shift change -0.246

(0.338)

Discharge time stamp

(base time stamp = 12 - 8am)

8am - 1pm -0.210

(0.609)

1 - 4pm -0.208

(0.606)

4 - 7pm -0.136

(0.606)

7pm - 12am -0.388

(0.613)

Constant 0.977

(0.674)

N 4729
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Table 18 Full version of Table 3

Length of stay (days) Total charges ($) Readmission, 30- day Adverse event

Preferred Assignment 0.144*** 0.181*** 0.155 -0.0559

(0.0344) (0.0355) (0.166) (0.180)

Type of physician assigned (specialty) 0.0210 0.0293 -0.0105 0.156**

(0.0140) (0.0155) (0.0451) (0.0496)

Well-defined task 0.000253 -0.00254 -0.749*** 0.618***

(0.0311) (0.0321) (0.136) (0.157)

High complexity task 0.00254 0.0314 -0.411* -1.195***

(0.0345) (0.0356) (0.164) (0.175)

High contact task 0.118** 0.233*** -0.330 -0.146

(0.0431) (0.0444) (0.197) (0.208)

Resource-intensive task 0.102* 0.139** -0.525* -0.439

(0.0480) (0.0496) (0.236) (0.270)

Patient volume 0.00943 0.0142 -0.0195 0.0343

(0.00873) (0.00901) (0.0409) (0.0434)

Patient age (years) -0.00282 0.00640** 0.0569*** 0.00651

(0.00223) (0.00231) (0.00987) (0.0107)

Male patient -0.0392 -0.0158 -0.809*** -0.0641

(0.0265) (0.0272) (0.138) (0.132)

Private Insurance -0.0943*** -0.0661* 0.430*** 0.0302

(0.0285) (0.0293) (0.131) (0.140)

Chronic condition indicator (CCI) (base CCI = 0)

1 0.312*** 0.412*** -0.305 -0.118

(0.0422) (0.0434) (0.198) (0.199)

2 0.526*** 0.601*** 0.0815 0.288

(0.0447) (0.0459) (0.199) (0.202)

3 0.588*** 0.686*** 0.0114 0.0218

(0.0525) (0.0540) (0.236) (0.249)

4 0.526*** 0.542*** 0.345 -0.928

(0.0712) (0.0729) (0.292) (0.477)

Year (base year = 2009)

2010 -0.0641 -0.0662 -0.267 -0.443

(0.0560) (0.0577) (0.342) (0.270)

2011 -0.0735 -0.0712 0.411 -0.321

(0.0541) (0.0557) (0.289) (0.256)

2012 -0.152** -0.0321 0.475 -0.348

(0.0533) (0.0550) (0.285) (0.253)

2013 -0.154** 0.0723 0.521 -0.367

(0.0542) (0.0558) (0.284) (0.257)

2014 -0.300*** 0.0126 0.341 -0.184

(0.0550) (0.0569) (0.288) (0.251)

2015 -0.307*** 0.0623 0.654* -0.364

(0.0598) (0.0618) (0.299) (0.284)

Flu season -0.00874 -0.0177 -0.0355 0.0921

(0.0266) (0.0273) (0.129) (0.133)

Weekend discharge -0.186*** -0.179*** -0.00909 -0.268

(0.0327) (0.0336) (0.156) (0.168)

Shift change -0.116 -0.151 0.357 -0.158

(0.0981) (0.101) (0.440) (0.529)
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Table 18 (continued)

Length of stay (days) Total charges ($) Readmission, 30- day Adverse event

Discharge time stamp (base time stamp = 12 - 8am)

8am - 1pm -0.558** -0.600** 0.369 -0.505

(0.198) (0.211) (1.065) (0.868)

1 - 4pm -0.530** -0.540* 0.270 -0.459

(0.197) (0.210) (1.062) (0.863)

4 - 7pm -0.579** -0.593** 0.375 -0.424

(0.197) (0.210) (1.062) (0.864)

7pm - 12am -0.653** -0.659** 0.421 -0.705

(0.199) (0.211) (1.068) (0.876)

Constant 1.906*** 10.58*** -3.096** -2.648**

(0.213) (0.225) (1.119) (0.930)

N 4729 4729 4729 4729

were captured in variables such as the chronic condition
indicator (CCI), age, and other factor that already serve as
controls in our analyses. For example, we observed from
our data that the 30-day readmission rate among patients
for whom a generalist was assigned is similar to those for
whom a specialist was assigned (7.2% and 6.2%, p = 0.18).
Furthermore, patients across these groups appeared similar
in terms of important indicators such as CCI (1.58 and 1.52,
p > 0.95). Thus, when it comes to our outcome of interest,
30-day readmission, it seems that our instrument was (to a
great extent) as good as random assignment. Next, we argue
that there is a causal path between our IV and our outcome
variable of interest that passes through our treatment
variable. This is because when a deviation occurs (see the
treatment variable in Fig. 6), the patient’s course of care
may be altered, which is likely the reason deviating from
or adhering to preferred assignment (treatment variable)
can influence 30-day readmission (outcome variable). The
rate of deviations, however, differs depending on whether
a generalist of specialists is originally assigned, which is
why our IV is relevant. Finally, it is relatively reasonable
(at least based the observations above) to assume that the
above-mentioned causal path between our outcome variable
and IV (that passes through our treatment variable) is the
only causal path that connects the two.

More formally, our tests (e.g., Sargan–Hansen) show
that, for 30-day readmissions, our chosen instrument likely
satisfies the exclusion restriction.9 Further, when using this
instrument, we find an F-statistic of 435 (p < 0.001)
for the first-stage estimator, which surpasses the minimum

9For some other outcome variables we study, we observe that the
exclusion restriction might not hold as strongly. However, in rerunning
our analyses using our IV, we noticed fairly robust results across all of
the outcome variables, which gave us confidence about the validity of
our main findings discussed in previous sections.

threshold F-statistic of 10 typically required for identifying
a weak instrument (see, e.g., [62]).10 Overall, our statistical
tests show that our chosen instrument is not weak, and
can be reliably used as a robustness check to investigate
the validity of our findings, especially with respect to the
findings related to the most important outcome variable in
our study (30-day readmissions).

Our results are presented in Table 15. As this table
shows, we observe similar results to our earlier ones (see,
e.g., Table 4). In particular, the implications of following
the preferred assignment on performance outcomes is
consistent with our earlier results. Notably, we do not
observe any effect changing direction (from positive to
negative or from negative to positive) when using the IV
approach. This, along with the fact that our IV is not weak
and strongly satisfies the exclusion restriction for our main
outcome variable (30-day readmission), gives us confidence
that our results are relatively robust, and not biased due to
potential endogeneity issues.

However, as is often the case when using an IV, we
cannot prove that our IV is fully valid, though all our tests
and investigations indicate that it likely is. We leave it
to future research to further validate our findings through
randomized controlled trials or by obtaining other data sets
that might allow using other variables as an IV.
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