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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 utilize 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 regarding some performance measures, 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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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 (Ibanez et al. 2017).
In other examples, the loss of preferred practices due to the transfer of a central manager to a
competing organization diminishes performance (Briscoe and Rogan 2015, Aime et al. 2010), and
1
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deviations from preferred assignment of medical/surgical patients to hospital units worsens the
outcomes (Song et al. 2020).
Realizing the tension between enforcing preferred practices and allowing flexibility among professionals to deviate when needed, some theories suggest an “optimal” level of upholding preferred
practices (Engel 1969). In contrast, others argue that such inflexibility can be disastrous, since
professionals must regularly deal with complex and nuanced issues in serving their clients (Champy
2009). Similarly, while decision theories discuss that decision-makers must possess the ability to
know when to deviate in their practice (see, e.g., D’Adderio 2014, Cyert and March 1963, 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 systems with heterogenous servers, see, e.g., Armony and Ward 2010,
Saghafian et al. 2022a, and the references therein). Some studies also provide clear evidence 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., Traub et al. 2016). 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., Saghafian
and Hopp 2019, 2020), it is becoming more important to understand whether by eliminating
workarounds (see, e.g., Spear and Schmidhofer 2005, Tucker et al. 2020) 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.,
Saghafian et al. 2022c) and unnecessary vertical integration (see, e.g., Saghafian et al. 2022b).
We are particularly motivated by the assignment of generalists and specialists in our study
hospital—a children’s hospital on the west coast of the United States. The hospital’s administrators
were interested to know whether they should (a) develop guidelines on the assignment of generalist
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 assignments (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 (identified based on the consensus opinion
of medical experts) on various performance outcomes? Conversely, when is deviation from such
preferred assignments beneficial?
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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 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 preferred assignment along three dimensions
of performance: operational efficiency (measured by length of stay2 ), quality (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) characteristics, 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 counterfactual policies to provide clear recommendations for hospital administrators on
when and how to enforce guidelines to remove deviations from the preferred assignment, and
(c) conducted various robustness checks (including running 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, we find that for well-defined tasks such deviations can reduce
costs and improve operational efficiency. For resource-intensive tasks, however, such deviations are
1

It should be noted that when a deviation occurs in practice, it might be because of a judgement call made by the
decision-maker. 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 work. Importantly, however, we note that deviations,
regardless of the underlying reason behind the judgement call, 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.
2

All 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.
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associated with higher costs. Further, when tasks involve high contact, deviations from preferred
assignments are 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 make 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, we make use of our findings to provide clear recommendations for hospital administrators
and assist them in making better decisions with respect to the underlying tradeoffs in enforcing preferred assignments. We do so by considering counterfactual scenarios corresponding to imposing the
preferred assignments fully or partially, and by performing 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 assignments 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 detrained
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 amount 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 of the 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
3

For 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.
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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 in mind, and understanding when physicians
should have the flexibility to deviate from such guidelines can be exceedingly helpful 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]

Additionally, our results help hospital administrators as well as physicians gain a better understanding of the environmental conditions under which deviations occur more. 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 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 in certain aspects of performance (e.g., quality and cost), they are simultaneously detrimental in 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 aim with this research is to pave the
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way for future studies to investigate this and other potential reasons for deviations in professional
practice.

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 (Puranam et al. 2014). 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 (Cohen 2013, Currie
and White 2012, Grant 1996). 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
(Chase and Tansik 1983).
Although the operations management literature has studied optimal task assignment in settings
where professionals differ in their knowledge levels and other abilities (see, e.g., Saghafian et al.
2018, for optimal task assignment rules in knowledge-based service systems), the above-mentioned
differences as well as the significant overlap between generalist and specialist expertise bring new
challenges to understanding suitable ways of task assignment. For example, generalists’ and specialists’ overlapping jurisdictions can make the process of task assignment considerably complex, since
professional contexts increasingly embody collaborative environments in which gray areas around
roles can become more salient as jurisdictions have greater opportunity to collide (Thornton et al.
2005).
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 (Thomas and Hewitt 2011), and (b)
proactively deviate from preferred practices to enhance service and accommodate circumstances
in the work environment (Reay et al. 2006). Due to the sometimes unnecessary complications
of task assignment, and the subsequent need to streamline professional work, organizations have
attempted to developed 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., Roth et al. 2019). Hence, we consider a holistic approach and study the impact of deviations
4

Decision-making in clinical settings when there is ambiguity is often perplexing (see, e.g., Boloori et al. 2020),
and thus, this capacity for discretionary decision-making may cause workarrounds and errors (see, e.g., Spear and
Schmidhofer 2005).
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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., Ibanez et al. 2017), task processing time (see, e.g., Hopp et al. 2007,
Schultz et al. 1998, 1999), following system-generated recommendations (see, e.g., van Donselaar
et al. 2010), and assigning medical/surgical patients to hospital units (Song et al. 2020). Similarly,
previous studies have discussed the effect of differentiating between task types on improving performance, including separating complex patients (see, e.g., Saghafian et al. 2014) and customer
types that should be routed to a specialist (see, e.g., Shumsky and Pinker 2003) or to a telemedical
physician (see, e.g., Saghafian et al. 2018). 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 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” (Bodenreider et al. 2004). 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
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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 (Langfred and Moye 2004). Task variety
refers to the number of exceptions, or different types of situations and problems, encountered while
performing a task (Perrow 1967). 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 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 (Thompson 1967). 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., Chase and
Tansik 1983). 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 (Danet 1981). 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 (Chase and Tansik 1983).
Therefore, assignment decisions are typically programmable for work involving low client contact.
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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 purposes of this study, may include both human and physical capital. In the professional work environment, decisions about task partitioning involve efficient utilization of specialized
resources (von Hippel 1990). For optimal performance, tasks that are highly resource-dependent
require a systematic identification, selection, and assignment of resources (Crowston 1991, 1997).
Thus, the degree of resource intensity can be an important 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 generalist 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., Auerbach
et al. 2000, Boom et al. 2012, Greenfield et al. 1992, Harrold and Gurwitz 1999, Stevens et al.
2017). 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).
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3.
3.1.

Research Setting, Data, and Analysis
Research Setting

We use data that we collected from an urban academic children’s hospital on the west coast of
the United States, and focuses 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 generalists and specialists are often
not clear-cut. Indeed, it is widely-known that the boundaries between the expertise of generalists
and specialists is often blurred in practice, and hence, there is a considerable level of discretion
on how tasks are assigned to them (Sinha and Van de Ven 2005). 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 setting, the generalist physicians are
hospitalists who work primarily in the inpatient environment. The specialist physicians included in
our analysis belong to one of seven different specialties: cardiology, endocrinology, gastroenterology,
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 assignment, we administered an online
survey using Qualtrics software to the department of pediatrics at the children’s hospital, which
included hospitalists and specialists belonging 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 developed, we made
modifications based on the feedback we received after performing cognitive tests for question clarity
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 EC.9 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 (Jue et al. 2019, Qaseem et al. 2019). Avoiding complex contextual
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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 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 Dillman (2011)), 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 Krikorian et al. (2018)). 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 resourceintensive. 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 (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
5

The number of diagnoses in our sample was less than that which was in our survey (176) because we excluded any
diagnosis that occurred in fewer than 20 hospitalizations.
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detail 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 metrics: 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 distribution to account for non-negativity and skewedness of
distributions of these continuous outcome variables. For readmission and adverse events, we used a
GLM with binomial distribution, since these outcome measures are integers. For all GLM models,
we assumed proportional effects for each outcome variable, and hence, applied a logarithmic 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 sample had patient-physician assignments that repeated more than once
(i.e., repeat patients assigned to the same physician 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 nominal; 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 hospital condition characteristics as well as year fixed effects. Below, we
discuss all of these in detail.
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.
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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 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 medications, multiple specialists, and optimal care coordination across inpatient/outpatient settings” (Simon et al. 2010, Feudtner et al. 2014). Such a diagnosis involves
multiple organ systems as well as the ability to address uncertainties in the patient’s diagnosis
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 multiple 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.

6

In 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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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 support (e.g., physical/occupational/speech therapy, social work, discharge planning, etc.), possible frequent admissions, and longer length of stay.” The use of multiple types of resources, as well as the higher
costs incurred from potentially longer patient stays and frequent 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 characteristics, 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 incorporated 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 comorbidities, or different diagnoses afflicting the patient) associated with the patient hospitalization (Khan et al. 2015, Berry et al. 2013). The CCI measure is an acceptable measure for
characterizing a patient’s condition, and can be used in place of diagnosis or DRG codes (see,
e.g., Atkinson et al. 2018). 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 hospitalization
occurred between October and April. During these months, hospitals typically experience higher
patient volumes and patients who are sicker because their underlying conditions can be complicated by flu viruses or other seasonal 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 hospitalized 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 hospitalization. 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
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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. This has made us relatively confident that observable variables are not making our
estimates biased. Nevertheless, like most research that rely on observational data, we are unable
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 are not biased due to these concerns, we take
several steps. First, we rerun our analysis using an IV approach (see Section 5.1 for more details).
Second, we repeat 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 yield 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 perform formal tests and investigate a potential
channel that explains the underlying causal mechanism behind our findings (see Section 4.2 for
more details), which gives 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. Before future research does this,
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 discussions). 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 deviations occur in our context, answering the
following question: do deviations from preferred assignments occur more during (1) high volume
periods (versus low volume periods), (2) weekdays (versus weekends), and (3) earlier shifts (versus
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Table 1
Variable
1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16

Mean

Preferred assignment
0.548
Type of physician assigned (specialty) 3.078
Length of stay (days)
5.900
Total charges ($)
54,800
Readmission, 30-day
0.065
Adverse event
0.070
Well-defined task
0.681
High complexity task
0.484
High contact task
0.357
Resource-intensive task
0.382
Patient volume
2.123
Patient age (years)
7.786
Male patient
0.474
Private insurance
0.303
CCI
1.537
Flu season
0.590

Descriptive Statistics and Correlations

s.d.

1

2

3

4

5

6

7

8

9

10

11

12

13

0.498
2.022
14.774
200,798
0.246
0.256
0.466
0.500
0.479
0.486
1.570
6.483
0.499
0.460
1.030
0.492

1
-0.4444*
0.0273
0.0313*
-0.0148
-0.0754*
-0.0143
0.1788*
0.1300*
0.1792*
0.0157
-0.1154*
-0.0242
-0.0382*
0.0208
0.0018

14

15

16

1
0.0794*
0.0943*
-0.0144
0.1016*
0.0790*
-0.024
0.1753*
-0.0236
-0.0450*
0.1174*
-0.0175
0.0591*
-0.0415*
0.0269

1
0.9317*
0.0334*
0.0491*
-0.0451*
0.0346*
0.0064
0.0262
0.0105
-0.0314*
-0.0032
-0.0336*
0.0696*
0.014

1
0.0310*
0.0538*
-0.0308*
0.0466*
0.0390*
0.0449*
0.0215
-0.0138
-0.0028
-0.0267
0.0434*
0.0089

1
-0.0287*
-0.1060*
-0.0879*
-0.0791*
-0.0900*
0.0111
0.0966*
-0.1052*
0.0528*
0.0331*
-0.0025

1
0.0410*
-0.1343*
-0.0375*
-0.1177*
0.0089
0.0415*
-0.0016
0.0162
-0.0199
0.0095

1
0.2510*
0.1168*
0.1630*
-0.0162
0.1117*
0.0116
0.001
-0.1277*
0.005

1
0.3286*
0.7488*
0.0157
0.0051
0.0181
-0.0360*
0.1142*
-0.003

1
0.5144*
-0.0335*
0.0227
0.0215
0.0036
-0.0031
-0.0072

1
0.0122
0.0207
0.0082
-0.0366*
0.1370*
-0.0166

1
0.015
-0.0351*
0.0135
0.0267
0.0369*

1
-0.0615*
0.0061
0.0154
-0.0136

1
0.0035 1
0.0028 -0.0263 1
-0.021 -0.0107 -0.0108 1

Notes: CCI = Chronic Condition Indicator. n = 4, 729. ∗ p < 0.05.

later shifts)? The descriptive findings are presented in Figure 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 “generalist deviations”) and when a specialist is assigned (labeled as “specialist deviations”) are similar between
periods with below average and above average patient volume. However, part (b) of Figure 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 Figure 1
shows that the highest and lowest percentage of deviations occur during morning 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., Atkinson et al. 2018, Shafritz et al. 2015, Crowston 1997,
Galbraith and Galbraith 1977). 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

Author: Who Should See the Patient?
Article submitted to ; manuscript no.

17

Percentage Deviations Based on Patient Volume

Percentage Deviations Based on Weekend vs. Weekday

70%

80%

60%

70%

50%

60%
50%

40%

40%
30%
30%
20%
20%
10%

10%

0%

0%
Below average
All deviations

Above average
Generalist deviations

Weekend

Specialist deviations

All deviations

(a) Volume Effect

Weekday
Generalist deviations

Specialist deviations

(b) Day of the Week Effect
Percentage Deviations Based on Time of Day

70%
60%
50%
40%
30%
20%
10%
0%
12AM-8AM

8AM-1PM
All deviations

1PM-4PM
Generalist deviations

4PM-7PM

7PM-12AM

Specialist deviations

(c) Time of the Day Effect
Figure 1

Percentage Deviations Based on Patient Volume, Day of the Week, and Time of the Day
Table 2

Task-Related Factors Associated with Preferred Assignment

Dependent Variable:
Preferred Assignment
Type of physician assigned (specialty)
Well-defined task
High complexity task
High contact task
Resource-intensive task

Coefficients

AME

-0.201***
(0.0496)
-0.126
(0.100)
1.071***
(0.116)
-0.523***
(0.140)
0.209
(0.154)

–
-0.0173
0.1483
-0.0718
0.0494

Notes: 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.

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
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and M4 using GLM models with binomial family and logit link. All models include adjustments
for patient characteristics and year 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-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 EC.1 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 EC.1 (see M5 and M10 there) show that the well-defined × preferred 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 outcomes, as shown in M15 and M20. Figures 2(a) and 2(b) graphically capture the marginal effects
of preferred assignment and well-defined tasks, indicating that Hypothesis 1 is not supported by
the significant interactions pertaining to length of stay and total charges outcomes. Specifically,
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. However, the graphs also demonstrate that (1) well-defined tasks have lower
length of stay and total charges compared to poorly-defined tasks when assignment is preferred;
and (2) although preferred assignment, compared to deviating assignment, tends to increase both
length of stay and total charges, the effect is greater for poorly-defined tasks. These findings indi-
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Performance Implications of Preferred Assignment and Task Categories

Dependent Variable:

Operational Efficiency
Length of stay (days)

Variables
Preferred assignment

M1
0.144***
(0.0344)

Type of physician assigned (specialty)

0.0210
(0.0140)

Well-defined

Cost
Total
charges ($)
M2
0.181***
(0.0355)

Quality
Readmission, 30-day Adverse event
M3
0.155
(0.166)

M4
-0.0559
(0.180)

0.0293
(0.0155)

-0.01105
(0.0451)

0.156**
(0.0496)

0.00253
(0.0312)

-0.00254
(0.0321)

-0.749***
(0.136)

0.618***
(0.157)

High complexity

0.00254
(0.0345)

0.0314
(0.0356)

-0.411*
(0.164)

-1.195***
(0.175)

High contact

0.118**
(0.0431)

0.233***
(0.0444)

-0.330
(0.197)

-0.146
(0.208)

Resource-intensive

0.102*
(0.0480)

0.139**
(0.0496)

-0.525*
(0.236)

-0.439
(0.270)

Constant

1.906***
(0.213)

10.58***
(0.225)

-3.096***
(1.119)

-2.648***
(0.930)

4,729

4,729

4,729

4,729

N

Notes: 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.

Table 4

Summary of Performance Implications Across Task Categories

Dependent Variable:

Well-defined task
High complexity task
High contact task
Resource-intensive task
Notes: + = positive effect; - = negative effect; 0 = no effect.

Operational
Efficiency
Length
of
stay (days)
0
0
+
+

Cost
Total
charges ($)
0
0
+
+

Quality
Readmission, Adverse
30-day
event
+
0
0
0

cate 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 outcomes 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 EC.1 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 EC.1 (see the Appendix) show that both length of stay and
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Operational Efficiency

Cost
$75,000

Predicted total charges (US$, mean)

Predicted length of stay (days, mean)

8

7

6

5

4

Preferred

Deviating

$70,000
$65,000
$60,000
$55,000
$50,000
$45,000

Poorly-defined task

Assignment
Well-defined task

(a) Operations Outcome (Length of Stay)
Figure 2

Preferred

Deviating

Assignment
Poorly-defined task

Well-defined task

(b) Cost Outcome (Total Charges)

Predicted Performance Outcomes Resulting from Interaction of Preferred Assignment and
Well-Defined Tasks

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, Figures 3(a) and 3(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 Figure 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 EC.1 (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), Figures 4(a) and 4(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.
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Cost

Operational Efficiency
8

Predicted total charges (US$, mean)

Predicted length of stay (days, mean)

$80,000
7

6

5

$70,000

$60,000

$50,000

$40,000

4

Preferred

Deviating

Low contact

Preferred

Deviating

Assignment

Assignment
Low contact

High contact

(a) Operations Outcome (Length of Stay)

High contact

(b) Cost Outcome (Total Charges)
Quality

Predicted adverse events rate (%, mean)

12%
11%
10%
9%
8%
7%
6%
5%
4%
3%

Preferred

Deviating

Assignment
Low contact

High contact

(c) Quality Outcome (Adverse Events)
Figure 3

4.1.

Predicted Performance Outcomes Resulting from Interaction of Preferred Assignment and High
Contact Tasks

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.).
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Cost

Operational Efficiency
$90,000

11

Predicted total charges (US$, mean)

Predicted length of stay (days, mean)

10
9
8
7
6
5

$80,000

$70,000

$60,000

$50,000

4
3

$40,000

Preferred

Deviating

Low resource intensity

Assignment
Low resource intensity

High resource intensity

(a) Operations Outcome (Length of Stay)
Figure 4

Preferred

Deviating

Assignment

High resource intensity

(b) Cost Outcome (Total Charges)

Predicted Performance Outcomes Resulting from Interaction of Preferred Assignment and
Resource-Intensive Tasks

Table 5
Hypothesis #
1
2
3
4
Notes: T = true; F = false; – = insignificant results.

Summary of Hypothesis Tests

Operational Efficiency
Cost
Quality
Length of stay (days) Total charges ($) Readmission rate, 30-day Adverse event
F
–
F
T

F
–
T
T

–
–
–
–

–
–
T
–

We can also reject Hypothesis 3 with respect to operational 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 assignment 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.
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Mechanism: Mediation Analysis

To shed light on a potential mechanism that can be behind our main findings, we now make use of
mediation analysis. Specifically, we examine whether and how the use of advanced imaging during
hospitalization can mediate the relationship between assignment matching the preferred and the
four outcomes of interest (length of stay, total charges, 30-day readmission, and adverse events). To
this end, we first identify hospitalizations in which resources such as MRIs, CT scans, or nuclear
radiology are used at least once (approximately 25% of the hospitalizations in our sample). We
then test the mediating impact of utilizing such resources and conduct separate tests for each task
type. To do these, we employ a bootstrapping approach to run simple mediation models (see, e.g.,
Valeri and VanderWeele 2013), and estimate 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 include the following: since length of stay is a count variable, we use Poisson
regression; since total charges represents a continuous variable, we use linear regression, and since
30-day readmission and adverse events are both binary outcomes, we use logistic regression.
The main results of our mediation analysis are shown in Table EC.2 (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, we
find 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, 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 examine whether the mediation effect of utilizing
advanced imaging resources depends on the type of the provider that is 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 EC.3 (see the Appendix) shows the result of running separate
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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 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 follow similar procedures for analyzing the hospitalizations in which a specialist is assigned.
Specialists assignment according to guidelines 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 assignment and total charges for resource-intensive tasks. In addition, we find
that advanced imaging partially mediates the relationship between following the preferred assignment 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 conclusions might be biased due to potential
mediator-outcome confounding (see, e.g., VanderWeele 2015) or other concerns related to the
use of “bad controls” (see, e.g., Angrist and Pischke 2009). Our various investigations, however,
suggest that these concerns in our setting are likely mitigated. This is partially because we are
using a exposure-mediator interaction method (Valeri and VanderWeele 2013, VanderWeele 2015),
and concerns about the mediator being endogenous is a bit less prominent in this method than
traditional methods. Furthermore, as Valeri and VanderWeele (2013) state, to control for mediatoroutcome confounding “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 variables 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 analysis (see, e.g., Section
5.6 in VanderWeele 2015) suggest that even if our estimates are biased due to these concerns,

Author: Who Should See the Patient?
Article submitted to ; manuscript no.

Table 6

25

Predicted Impact of Different Counterfactual Scenarios (Compared to Current Practice) Due to
Adhering to Preferred Assignment

Scenario
Scenario 1 (all tasks)
Scenario 2 (well-defined tasks only)
Scenario 3 (high complexity tasks only)
Scenario 4 (high contact tasks only)
Scenario 5 (resource-intensive tasks only)
Notes: – = insignificant results.

LOS (days)
-0.046
0.466
–
-0.072
-2.252

Charges ($)
-$538
$8,474
–
$2,178
-$23,566

Readmission (%)
–
–
–
–
–

Adverse Events (%)
0.01%
–
–
4.14%
–

our conclusions (e.g., directional effects) likely remain fairly robust when relevant adjustments are
made. Nevertheless, we cannot 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 administrators, if they choose to develop more
formalized guidelines around preferred assignments, we now consider five counterfactual policies
corresponding to imposing the guideline fully or partially. Specifically, in Table 6 we summarize 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 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 resourceintensive 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 implementing Scenario 1, we make use of cost-effectiveness analysis. In particular, in
Figure 5, we depict the region in which pursuing Scenario 1 is cost-effective. In this figure, we make
use of 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 Scenario 5 is the best
7

Since 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.
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Figure 5

Cost-Effectiveness of Scenario 1 (Imposing the Guideline for All Task Types).

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 now perform various robustness checks to ensure that our main findings are not affected by
endogeneity issues, the measurement used to define consensus opinion, the set of controls involved,
or other model specifications. To this end, we re-run our analyses by making use of (a) instrumental
variable (IV) analysis, (b) matching, (c) alternative approaches for measuring consensus opinion,
(d) additional control variables, and (e) adjustments that allow 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
gives us confidence 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 made use of the 1-nearest neighbor propensity score matching approach to 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 caliber to further ensure
robustness). The main results are provided in Tables 7.8 As can be seen from Table 7, the results
8

Further details, including the main matching variables and balance of covariates, are presented in Table EC.4.
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Summary of Performance Implications Across Task Categories, Using the 1-Nearest Neighbor
Propensity Score Matching Approach

Dependent Variable:

Well-defined task
High complexity task
High contact task
Resource-intensive task
Notes: + = positive effect; - = negative effect; 0 = no effect.

Operational
Efficiency
Length
of
stay (days)
+
0

Cost
Total
charges ($)
0
0
0

Quality
Readmission, Adverse
30-day
event
0
0
+
-

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 gives us further confidence
about the robustness our results. Finally, Table EC.4 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 matching 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 de Rooij et al. (2020), a consensus is considered when at least 50% of the votes indicate a specific
outcome. Likewise, in studies such as Lynch et al. (2008), Rahbari et al. (2009), Waldman et al.
(2011), van de Velde et al. (2014), Miskovic et al. (2015), and Nieuwenhuys et al. (2016), 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 EC.5 and EC.6 (see the Appendix) show that the results are consistent with our
original findings.
In our second approach, we calculated a reliability coefficient which is part of the derivation of
Fleiss’ inter-rater reliability measure, kappa (Fleiss 1971):
k

Pi =

X
1
nij (nij − 1),
n(n − 1) j=1
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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 EC.7 (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.
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 conduct multiple comparisons on different
outcomes. To address this concern, we first made use of 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 additional resources
such as extra tests, staff time, and higher bed usage, among others. Regardless, to fully examine
to robustness of our results to the potential correlation among all the outcome variables, we then
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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 (Benjamini and Hochberg 1995) 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 can conduct a similar analysis in other hospitals, as well as across
other sectors that rely on professional expertise that may overlap. 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 (Brivot 2011). 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 promote standardization and reduction of deviations from preferred assignments, and
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(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 indicate that use of advanced imaging
(e.g., MRIs, CT scans, or nuclear radiology) plays a significant role in how deviations impact performance outcomes. This indicates 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 results
indicate that there may be an intriguing interplay between professional status and deviations from
preferred assignments in practice, which is worthy of future research as this potential assertion
of power in deviating from standard practice changes division of labor and can have negative
consequences on some outcomes.
Finally, our results show that there might be environmental conditions under which deviations
occur more frequently. 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.
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