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Using detailed electronic health record data from two major U.S. emergency departments (EDs), we use
practice variation across physicians to uncover the operational impact of batch ordering imaging tests. Using
causal inference approaches, we find that assignment of an arriving patient to an ED physician who is
a “batcher” versus a “sequencer” causally increases patient length of stay, time to disposition, and the
number of imaging tests ordered. We find evidence that the impact of batching on length of stay is heavily
mediated by the additional imaging tests as well as probability of being admitted to the hospital post ED
service, suggesting this ordering strategy may lead to more conservative clinical decision-making and critical
bottlenecks in patient flow. Conversely, sequencing imaging tests by ED physicians poses an “information
gain” advantage compared to batching: the information obtained from a prior test allows eliminating the
need for ordering some future tests. Put together, our findings indicate that batch ordering may not be
an optimal strategy for managing diagnostic imaging in emergency care, and that interventions to reduce

physician discretion and behavioral tendencies in batch ordering may be warranted.
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1. Introduction

Advanced imaging is simultaneously an emergency department’s (ED) most powerful diagnostic
tool and one of their greatest operational bottlenecks (Rogg et al.|2017). The use of advanced
diagnostic imaging has risen dramatically over the past two decades, transforming from a limited
resource to a cornerstone of emergency care (Juliusson et al. 2019 Smith-Bindman et al. (2019)).

Yet this transformation has intensified operational challenges in EDs, where the complexity stems
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from multiple modifiable and non-modifiable constraints: limited equipment availability, complex
scheduling requirements across different modalities, extended wait times for both image acquisition
and interpretation, and growing backlogs in radiologist reading queues. Because of this, diagnostic
imaging represents one of the most resource-intensive and operationally complex components of
ED care (Mills et al.|2015, Baloescu (2018), Poyiadji et al.| (2023))).

Diagnostic imaging is not without consequences for patients. Imaging bottlenecks can signifi-
cantly impact ED length of stay (LOS) (Cournane et al.[2016|), and undergoing advanced imaging
may expose patients to higher costs, increased exposure to radiation, increased incidental find-
ings that may lead to unnecessary follow-up testing, contrast-induced nephropathy, and contrast-
induced allergic reactions (Valtchinov et al.[2019, Raja et al. (2014)). Given these risks and resource
constraints, efficient management of diagnostic testing is critical for both patient outcomes and ED
operations (Balogh et al.|2015]). Physicians have considerable discretion over how they order these
tests, despite wide variation in diagnostic test ordering behavior being well documented (Miller
1994}, Solomon et al.| (1998]), |Wennberg (1984)), [Daniels and Schroeder| (1977)). Yet, little is known
about how test ordering strategies should be managed when this discretion exists.

We consider an ED physician’s decision to order imaging tests for their patient as an optimiza-
tion problem, where the physician must balance the trade-offs between the advantages of ordering
multiple tests simultaneously (batch) at the start of the patient encounter (e.g., expediting the
diagnostic process if the tests are eventually necessary for diagnosis and disposition) and its disad-
vantages (e.g., increasing the total time spent in the ED because of unnecessary additional tests)
(Tamburrano et al. 2020, Perotte et al.| (2018), |Lyu et al.| (2017, [Traub et al. (2018))).

Batch ordering stands in contrast to the more common practice of ordering tests sequentially,
where physicians order one test at a time, review the results, and then decide whether to order
additional tests based on the information obtained from the previous test. While, in theory, sequen-
tial ordering may serve as a natural filter to prevent unnecessary testing, it can also result in longer
delays compared to batching when multiple tests are ultimately needed. This tension between
potential efficiency gains and the risk of unnecessary testing is particularly important given grow-
ing concerns about imaging overutilization in emergency care (Baloescu[2018], Mills et al.| (2015])).
Beyond avoiding delays, the decision to batch should also be made by considering both immediate
operational implications and broader quality of care considerations ([Feizi et al. 2023). This deci-
sion is inherently complex, requiring physicians to weigh time-sensitive diagnostic needs against
resource constraints and the risk of ordering tests that may prove unnecessary once earlier results
become available.

In this paper, we explore the causal effects of batch ordering advanced imaging tests— a practice

in which physicians order multiple tests simultaneously— on operational performance and patient
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outcomes in the ED. Specifically, we focus on batch orders that include different types of imaging
tests because the operational implications of batching these tests differ as they cannot be run in
a single scanning session. In collaboration with two leading US hospitals, we start by providing
evidence on a significant level of variations in the batching behavior of emergency physicians. We
find that across physicians who work in the same ED, treating patients of the same complaint and
severity, batching varies significantly (Figure. By making use of this variation, we next investigate
whether being seen by a “batcher” or a “sequencer” physician has important implications in terms
of performance metrics such as length of stay (LOS), number of imaging studies, and disposition.
Finally, we shed light on circumstances under which physicians are more likely to batch order

imaging tests.
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Figure 1 Physician Variation in Batch Ordering Imaging Tests

Notes: This figure highlights the marked differences among Mayo Clinic ED physicians in their propensity to
batch order imaging tests. Batch rates are crude rates calculated by dividing the number of patient encounters
where the physician batch ordered imaging tests for a complaint by the number of patient encounters they had

with that complaint.

1.1. Challenges and Empricial Strategy
While the importance of understanding batching behavior in EDs is clear, generating causal evi-

dence on its effects presents several empirical challenges. First, physicians’ decisions to batch
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order tests are inherently endogenous. For example, the choice to batch may be correlated with
unobservable patient characteristics, physician workload, or ED conditions that independently
affect outcomes. Second, studying the timing and sequencing of diagnostic testing requires gran-
ular operational data that captures precise timestamps of test orders, completions, and clinical
decisions, many of which is not information not available in traditional claims databases. Third,
while prior studies have leveraged quasi-random patient assignment in EDs (Eichmeyer and Zhang
2022} |Gowrisankaran et al.| (2022)), |Coussens and Ly| (2024)), establishing true quasi-randomization
requires detailed understanding of institutional assignment mechanisms that may vary across set-
tings. Thus, providing causal claims that can be generalizable beyond a single ED is not straight-
forward.

Our study addresses these challenges through several unique features. First, we utilize detailed
electronic health record data from two leading U.S. hospitals (Mayo Clinic and Massachusetts Gen-
eral Hospital (MGH)) that capture the complete temporal sequence of clinical decisions, including
exact timestamps of test orders, results availability, and disposition decisions (Table|l]). This gran-
ularity allows us to precisely measure both batch ordering behavior and its downstream effects on
patient flow. Second, our primary analysis leverages Mayo Clinic’s rotational patient assignment
system, where we can verify that patients are randomly assigned to physicians via a round-robin
algorithm that does not consider patient characteristics or physician workload (Traub et al.[2016)).
We make use of this random assignment at the Mayo clinic to gain deeper insights into the causal
impacts of being seen by a “batcher.” We then validate our findings using data from MGH, which
employs a completely different and non-random patient-to-physician assignment. We do so by creat-
ing suitable controls, which enables constructing a quasi-random assignment mechanism, enabling
us to investigate the validity of our main findings in two vastly different study sites.

Our empirical strategy closely follows the literature that relies on quasi-random assignment of
agents to cases, often referred to as the “judges design.” (Dahl et al.|2014al Dobbie et al.| (2018))).
Studies in this literature typically exploit variation in the sentencing leniency of judges who work
in the same court. Similarly, we exploit batching variation across physicians who work in the same
ED through a measure we define as “batch tendency.” In its reduced form, under the assumption of
random or quasi-random assignment, this approach allows us to identify the causal effect of being
assigned to different types of physicians (i.e., batcher or sequencer). Under additional assumptions,
an instrumental variable (as we will define it) allows us to estimate the causal effect of the decision
to batch on various important ED measures.

Our instrumental variables approach provides us with the Local Average Treatment Effect
(LATE) of batch ordering, which is the effect of batch ordering on the subset of patients whose

batching decision changes due to the instrument. This is particularly important in the context of
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Table 1 Descriptive Statistics of Emergency Department Encounters

Variable Mayo Clinic MGH
(Median [IQR])  (Median [IQR])
Patients encounters® n = 48,854 n = 111,710
Panel A. Patient Severity
Tachycardic 19.2% 21.3%
Tachypneic 8.8% 5.4%
Febrile 2.2% 1.5%
Hypotensive 1.4% 1.0%
Emergency Severity Index 2.8 [2, 3] 2.8 [2, 3]
Panel B. Patient Demographics
Male 46.5% 51.3%
Race: White 88.4% 61.3%
Race: Black 4.2% 12.3%
Race: Asian 3.05% 4.89%
Arrival age 57.7 [43, 74] 49.6 [32, 65]
Panel C. Diagnostic Tests and Outcomes
X-ray performed 43.3% 40.1%
Ultrasound performed 11.3% 18.3%
Non-contrast CT performed 35.5% 30.5%
Contrast CT performed 17.7% 13.0%
MRI performed® — 6.3%
Labs ordered 73.7% 84.9%
Time from arrival to triage (mins) 8.0 [4, 10] 12.2 [3, 13]
LOS (min) 246 [152, 306] 426 [241, 1006]
Patient discharged 66.8% 65.1%
Patient admitted 18.7% 22.8%
Patients revisited within 72 hours 3.8% 3.1%
Order to result’: X-Ray (mins) 67.2 [36, 79] 63.4 [31.4, 111.7]
Order to result: Ultrasound (mins) 165 [71, 150] 119 [71, 213]
Order to result: Contrast CT (mins) 142 [86, 153]  167.3 [112.0, 260.6]
Order to result: Non-Contrast CT (mins) 89.7 [50, 102]  185.3 [116.0, 290.2]
Order to result: MRI (mins) — 374.7 [229.5, 683.7]

Notes: This table reports summary statistics for emergency department visits during the study period.
Values are presented as mean (IQR) when available. Vital signs were categorized as follows: tachycardia
(pulse more significant than 100), tachypnea (respiratory rate greater than 20), fever (temperature greater
than 38°C), and hypotension (systolic blood pressure less than 90).

“The number of patient encounters is calculated as the number of unique patient visits during the study
period.

®MRI data is only available for MGH.

“Order to result times are calculated as the difference between the time the test was ordered and the time
the result was available in the electronic health record. This does not account for the time it takes for the

radiologist to review the results.
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the ED, where there are clear cases where batch ordering is necessary (e.g., when multiple tests are
essential and almost every physician would batch) and cases where it is not (e.g., when one or no
tests are needed and almost no physician would batch). By estimating the effect for the marginal
patients whose tests may or may not be batched depending on the provider, we generate deeper

insights into the important implications of batch ordering as a result of physician discretion.

1.2. Main Findings and Contributions

Despite the conventional wisdom that batching tests in the ED enables physicians to gain efficiency,
we find that batch ordering imaging tests negatively impacts operational metrics. In particular,
our results show that the marginal batched patient experiences an 85.8% increase in total ED LOS
and an 85.4% increase in time to disposition compared to patients who have their tests ordered
sequentially. Furthermore, when physicians batch order imaging tests, they order 1.4 additional test
per patient encounter compared to the sequential strategy. These effects remain robust even after
adjusting for patient characteristics, ED conditions, and physician experience. Through mediation
analysis, we find that the increase in testing volume is a key driver of the increased LOS associated
with batch ordering, and that this effect of batching on LOS is further mediated by admission.

Examining the drivers of batch ordering, we find that physicians are more likely to batch order
tests for patients with higher acuity levels and more complex chief complaints. This batching
tendency, however, varies systematically across physicians and persists even after controlling for
patient mix and ED conditions. Finally, we find that ED crowding significantly reduces the negative
impact of batching behavior. For example, we observe that during periods of major overcapacity, the
effect of batching on testing volume drops by nearly half compared to normal operations, suggesting
that resource constraints may induce batchers to be more selective and exclude unnecessary tests
from their batches.

Taken together, our results indicate that despite the perceived workflow advantages of initiating
multiple diagnostic processes simultaneously, batch ordering leads to significantly longer processing
times and increased resource utilization without corresponding improvements in patient outcomes.
These findings have important implications, highlighting that ED managers should think about
strategies to reduce physician discretion in test ordering as a way of improving the diagnostic

testing workflows.

2. Related Literature

In EDs, physicians face a fundamental choice in how they sequence diagnostic imaging tests:
they can either order multiple tests simultaneously (“batch ordering”) or order them sequentially
based on progressive information gathering. Batch ordering occurs when a physician orders a

comprehensive set of diagnostic tests at the start of a patient encounter, typically covering a broad
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range of potential diagnoses. This contrasts with sequential ordering, where tests are ordered one

at a time with each subsequent test decision informed by prior test results.

2.1. Physician Decision-Making Under Constraints:

ED physicians operate under significant time pressure and workload, which substantially influ-
ences their decision-making processes. Workload management and carefully balancing the tradeoffs
between speed and quality of care are of high importance for physicians making decisions in a com-
plex and multitasking environment such as the ED (Saghafian et al.[[2018, Leppink and Hanham
(2019)) and leads to multiple documented effects on physician performance: task switching (KC
2013, |Skaugset et al. (2016)), increased cognitive load (KC and Terwiesch [2009] Pines| (2017)),
increased stress (Chisholm et al. 2000, Bendoly| (2011))), and increased interruptions (Chisholm
et al.| 2000, |Chisholm et al. (2001))).

Prior studies have identified several mechanisms that may alter physicians’ test-ordering behav-
ior under increased workload. First, physicians may order more diagnostic tests as an alternative
to direct patient contact when they have less time to spend with each patient (Batt and Terwiesch
2016)). Second, increased stress and interruptions can hinder systematic decision-making and criti-
cal thinking (Chisholm et al.|2000). Because test ordering requires less critical thinking compared
to diagnosis through direct patient contact (Pines 2009)), physicians may order more tests when
workload increases or when their queue of patients is longer. Third, physicians may order addi-
tional tests to temporarily reduce workload while waiting for test results (Berry Jaeker and Tucker
2020)). By ordering multiple tests upfront, physicians can defer complex diagnostic reasoning until
all results are available, potentially reducing the cognitive strain of repeated task-switching and
decision-making under uncertainty. A cognitive load theory of batching would suggest batching
may be more prevalent during periods of high workload or complexity.

Recent work has documented significant variation in ED physician testing and admitting prac-
tices (Hodgson et al.[2018,|Coussens and Ly (2024), |Smulowitz et al.[(2021))). This variation extends
to batch ordering practices as well, where physicians differ systematically in their propensity to
order multiple imaging tests simultaneously (Jameson et al.2024)). However, the drivers and oper-
ational impacts of this variation remain a significant gap in the literature. Our study aims to fill
this gap by examining the factors that drive batch ordering behavior and exploiting the physician

variation to identify the causal effects of batch ordering on ED operations and patient outcomes.

2.2. Discretionary Behavior and Task Scheduling in Healthcare Operations
Recent work has examined how operational factors influence physicians’ discretionary behavior in
test ordering, revealing that decisions about diagnostic intensity are shaped by multiple operational

pressures (Soltani et al.|2022)). Studies have found that test utilization varies with peer observation
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(Song et al.[[2017), workload (Deo and Jain/|2019), and the presence of justification requirements
(Berry Jaeker and Tucker||2020). While additional tests can improve diagnostic accuracy, they also
extend ED LOS and potentially exacerbate congestion (Chan|[2018]). This tension is particularly
acute in imaging decisions, where test sequencing can significantly impact both patient flow and
resource utilization (Cournane et al.|[2016).

The decision to batch order tests represents a specific form of discretionary task ordering that has
received limited attention in healthcare operations. While prior work has examined discretionary
task ordering in other contexts (Ibanez et al.2018, Ibanez and Toffel (2020)), the unique constraints
of ED imaging— including capacity limitations, varying processing times across modalities, and
the inability to run different imaging types simultaneously— make these decisions particularly
consequential. A growing literature examines how workers exercise discretion over task ordering
to improve system performance (van Donselaar et al. 2010, Campbell and Frei (2011))), but can
sometimes lead workers to “choose the wrong task operationally” (Boudreau et al.[2003).

The implications of batch ordering also connect to broader theoretical work on task scheduling
in resource-constrained environments. While batching strategies are often used to reduce setup
times and improve throughput in manufacturing settings (Fowler and Monch||[2022), applying these
principles to healthcare operations introduces unique complexities. While batching may streamline
the diagnostic process by initiating multiple diagnostic processes simultaneously (Song et al.|2017),
recent evidence suggests it may lead to increased testing volumes that could overwhelm imaging
departments and extend wait times (Jessome 2020, Saghafian et al.| (2015)). The information value
of sequential testing— where results from initial tests can inform the necessity of subsequent
ones— creates a fundamental tension between operational efficiency and diagnostic efficiency that
has not been well-studied. Our analysis provides novel evidence on this tradeoff, showing how
different test ordering strategies affect both operational metrics and clinical decision-making. Our
study advances this literature by first providing the first causal evidence on how physicians’ test
sequencing decisions affect ED performance. Furthermore, we identify specific mechanisms through
which batch ordering affects operational performance, allowing us to distinguish between efficiency

gains from parallel processing and potential losses from increased diagnostic intensity.

3. Setting, Data, and Models
3.1. Empirical Setting

Our study uses data from two large U.S. emergency departments (EDs): the Mayo Clinic of Ari-
zona and Massachusetts General Hospital (MGH). The MGH dataset, which includes 129,489
patient encounters from November 10, 2021 through December 10, 2022, provides a robust sample

for validating the generalizability of our findings. However, our primary analysis focuses on the
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Mayo Clinic data due to its unique feature of random patient-physician assignment, where arriv-
ing patients are randomly assigned to physicians using a rotational-basis algorithm (Traub et al.
2016)), which allows for stronger causal inference. A computer algorithm randomly assigned arriving
patients to physicians in a round-robin manner, where assignments were made purely rotationally
without considering patient demographics, chief complaint, ESI, physician-patient load, or acuity
of patients recently assigned to the physician. In essence, physician-to-patient matching can be
deemed random by controlling for patient arrival time and physician shift-level variation.

The data contain information on the timing of test orders, the timing of test results, and the
timing of patient disposition, among various other important triage metrics and demographic
features. We focus on imaging tests (x-rays, contrast CT, non-contrast CT, ultrasound) because
unlike laboratory tests, imaging tests cannot be simultaneously run due to different equiptment
and settings. Therefore, the operational implications of batch ordering imaging tests are more
pronounced. We do not include MRI in our analysis due to Mayo Clinic’s policy of requiring
inpatient admission for MRI orders if urgent or ordered as an outpatient by an outpatient physician
if not urgent, therefore resulting in an extremely low ED MRI rate. MGH does not have this policy,
and we therefore run the analysis with both MRI included and not included in the generalizability

analysis.

3.2. Data

Our primary data comes from the ED of the Mayo Clinic of Arizona, a tertiary care hospital
without obstetrical services, an inpatient pediatrics unit, or a trauma designation. During the study
period from October 6, 2018, through December 31, 2019, the ED recorded 48,854 visits per year,
managed across 26 treatment rooms and up to 9 hallway spaces. The department is exclusively
staffed by board-eligible or board-certified emergency physicians (EPs), a rare but ideal setting for
our study. Many EDs are staffed by a mix of EPs and non-EPs, both of which are responsible for
ordering tests, which may introduce confounding factors. The Mayo Clinic ED is unique in that
only EPs are allowed to order tests, which eliminates the potential for confounding by provider
type.

We conducted a retrospective review of the comprehensive ED operational data, coinciding with
the initiation of a new electronic medical record. The data includes detailed patient demographics,
chief complaints, vital signs, emergency severity index (ESI), LOS, timestamps, and resource uti-
lization metrics. This period was chosen to provide a robust data set while excluding the influence
of the coronavirus pandemic. The data is summarized in Table[I} Hourly patient arrival rates to the
ED are shown in Appendix Figure 77. LOS is measured from time of arrival to departure from the

ED. During times of boarding, the Mayo Clinic ED will convert ED beds into temporary inpatient
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beds, making the endpoint for LOS for ED boarders when they are moved from their ED bed to
their assigned “inpatient” bed within the ED E|

Our research design focuses on adults who visit the Mayo Clinic of Arizona ED. We observe
48,854 such visits during the study period. To improve power, we drop encounters with rare “rea-
sons for visit” (RVF) (< 1000 total encounters of this kind) and complaints where a batch order
occurs less than 5% of the time or no imaging is ordered. Since batch orders are rare for these
cases, our physician batch tendency instrument could suffer from a weak instrument problem if we
included them. Examples of complaints dropped include Skin Complaints and Urinary Complaints,
as well as other complaints where multiple modalities of imaging is unlikely to occur. Excluding
these conditions does not introduce selection bias unless physician test batching tendency is orthog-
onal to physician diagnosing behavior. While this assumption may be violated if we were to use a
very detailed level of chief complaint information upon which to base our exclusion criterion, it is
plausibly satisfied when using broad complaint categories as we do. In order to estimate a precise
measure of physician-level batch tendency, we further restrict our sample to the 11,404 encounters
involving full-time physicians who treat over 500 ED visits per year. Our final sample includes com-
plaints from the following categories: Neurological Issue, Abdominal Complaints, Fevers, Sweats or
Chills, Falls, Motor Vehicle Crashes, Assaults, and Trauma, Dizziness/Lightheadedness/Syncope,

Extremity Complaints, and Fatigue and Weakness.

3.2.1. Treatment Variable Our treatment variable in the IV analysis, Batched, ., is an indi-
cator taking the value of 1 if patient ¢ has their tests batch ordered during their ED encounter which
took place on date ¢, and 0 otherwise. Batching occurs when a physician simultaneously orders a
comprehensive set of diagnostic tests, typically covering a broad range of potential diagnoses. This
contrasts with sequential ordering, where tests are ordered in sequence based on the information
obtained from subsequent tests as needed.

We define “batching” in line with standard emergency medicine practices, and focus on batches
that include two or more different imaging tests ordered within a 5-minute window at the start of
a patient encounter. Sensitivity analyses around this time window (5-minute), batch size threshold
(two or more), and when the batch occurs (beginning the encounter) show that our results are
robust to variation in these values Each imaging modality, such as X-ray, contrast CT scan, non-
contrast CT, and ultrasound, is considered a separate and distinct test for our study. In particular,
we focus on batching instances in which the physician orders different imaging tests, because such
tests cannot be done in a single scanning session (due to differences in equipment and setting).

1 The Mayo Clinic hospital operations team views ED crowding and boarding as a hospital-wide problem and not an
”ED problem,” and they have elected to convert multiple sites around the hospital including pre-operative areas into

boarding areas during hospital overcapacity instead of the ED, assigning ED to be the location of boarders as a true
last resort.
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3.2.2. Dependent Variables The primary outcomes of interest are both measures of effi-
ciency and effectiveness in the ED. The first is patient length of stay, which we measure in two
distinct ways. First, we measure the time from patient arrival until the attending physician com-
pletes care and determines disposition, capturing the duration until a decision is made to admit,
discharge, or transfer the patient (Feizi et al.[[2023). This metric specifically excludes delays related
to inpatient bed availability, providing a clearer measure of ED operational efficiency. Second, we
measure the total time a patient spends in the ED from arrival until physical departure (Lim et al.
2024)). For admitted patients, this total time includes the duration until transfer to an “inpatient”
bed, whether in the main hospital or in designated ED areas converted for inpatient use, encom-
passing both boarding time and discharge processing (Feizi et al.|2023]). Given the documented
right-skewed nature of ED time metrics (Song et al[[2015), we log-transform both time measure-
ments to achieve approximately normal distributions (Brown et al.|2005, |[Saghafian et al. (2024)),
meeting the assumptions required for our regression analyses.

Beyond time-based metrics, we examine resource utilization through the number of distinct
imaging tests ordered during each ED encounter. This count variable helps us understand how
batch ordering practices influence the overall diagnostic workload. To assess quality of care, we
track whether patients return to the ED within 72 hours of their initial visit and require hospital
admission (Lerman and Kobernick|[1987). This binary indicator serves as a crucial quality metric,
as returns within this timeframe often signal potential issues with initial treatment decisions, pre-
mature discharges, or missed diagnoses. All of these measures are widely used and validated in the
emergency medicine literature, and are also of significant concern to our partner EDs. Furthermore,
they allow us to evaluate ED performance across three critical dimensions: operational efficiency
through time-based measurements, resource utilization via imaging orders, and care quality through
return visit patterns. By examining these outcomes together, we can assess how batching behaviors

and related and process changes might affect both the efficiency and effectiveness of care delivery.

3.3. Identification Strategy

Our empirical strategy closely follows the literature that relies on quasi-random assignment of
agents to cases, often referred to as the “judges design.” Papers in this literature typically exploit
variation in the sentencing leniency of judges who work in the same court. Similarly, we explore
batching variation across physicians who work in the same ED via a measure that we term “batch
tendency.” To measure physician batch tendency, we use rach physician’s residualized leave-out
average batch rate. We use this residualized measure of physician batch tendency because if certain
physicians are more likely to work afternoon or weekend shifts (which Figure ?? shows to be the

busiest shifts), the simple leave-out mean will be biased. The use of a residualized measure of
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physician batch tendency accounts for this kind of potential selection. This measure is derived
from two steps following a similar approach used in some other applications (see, e.g., Doyle et al.
(2015)), Dobbie et al.| (2018), and Eichmeyer and Zhang| (2022))). First, we obtain residuals from a

regression model, which includes all ED encounters in our sample period:

Batched,; ; = oy + oy + g + BXi + €4t (1)

where Batched,; is a dummy variable equal to one if patient ¢ had their imaging tests batch
ordered on an encounter that took place on date t. Fixed effects include year-month fixed effects,
Qvym, to control for time and seasonal variation in batching, hospital-specific policies (e.g., initiatives
to eliminate excess testing during a flu season) or seasonality in ED visits. We also control for
“shift-level” variations that include both physician scheduling and patient arrival with day of week-
time of day fixed effects, ad,ﬂ A vector of patient characteristics, X, including chief complaint
by ESI, vital signs, age, race, and sex was included to increase precision. As stated in these
controls are more than what is required for our quasi-random assignment assumption. Under the
assumption that we have captured the observables under which quasi-random assignment occurs
in the ED, the unexplained variation— the physician’s contribution— resides in the error term,
Eite

In step two, the tendency measure for patient ¢ seen by physician j is computed as the average
residual across all other patients seen by the physician during the study period:

BatchTendency; ’;ys: S Z Eir (2)
g 'e{I\i}

where &, = BaAtch,;/ — Batchy is the residual from Eq. (1); J is the set of all ED encounters
treated by physician j; and N_; ; = [{J\i}|, the number of cases that physician has seen that year,
excluding patient ¢. This leave-out mean eliminates the mechanical bias that stems from patient ¢’s
own case entering into the instrument. The measure is interpreted as the average (leave-out) batch
rate of patient i’s physician, relative to other physicians in that hospital-year-month, hospital-day
of week-time of day.

Figure [2| verifies that while the decision to batch depends on patient characteristics, our
measure—batch tendency—is fairly exogenous and independent of patient characteristics. The
left column of Figure [2] uses a linear probability model to test whether encounter and patient,
ED, and physician characteristcs are predictive of the batching decision. We control for shift-

level fixed effects and cluster standard errors at the physician level. We find that patients with

2 Day of week takes on seven values: Sunday, Monday, etc., and time of day are six mutually exclusive four-hour bins:
8am—12 pm, 12pm-4 pm, etc.
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Falls/Assaults/Trauma complaints are 16.2 percentage points more likely to be batched compared
to similar patients under similar ED capacity. The right column assesses whether these features are
predictive of our batch tendency measure using an identical specification. We find evidence that
physicians of differing tendencies are assigned very similar patients. Put differently, the assignment
of patients to physicians with high or low batch tendencies is fairly random, making the batch
tendency measure an exogenous variable that could be exploited to study the impact of batching.

# ED characteristic # Patient characteristic Physician characteristic

Batched Physician Batch Tendency
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Arrival Age 1
Physician Experience
Sex: Male 4
Fevers/Sweats/Chills —@
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Gastrointestinal Issues -
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Figure 2 Batch Tendency by Patient Characteristics

Note: This figure plots a test for quasi-random assignment of patients to physicians in the Mayo Clinic ED.
Residualization fixed effects include hospital-year-month, hospital-day of week-time of day. Robust standard

errors are clustered at the physician level.

We further document that (a) there is significant variation in this measure, and (b) the measure
is highly predictive of the decision to batch. Figure [3] shows the distribution of physician batch

tendency and the relationship between batch tendency and batching, where the relationship is
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illustrated via local linear regression of batching against physician tendency. As can be seen, the
probability of batching is monotonically, and approximately linearly, increasing in our tendency

measure (see Table [2 for more formal results).
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Batch Tendency

Figure 3 Distribution and First Stage of Instrument

Note: This figure plots the histogram of physician batch tendency along the x-axis and the left y-axis for
all patient encounters. A local-linear regression of the fitted probability of batching on batch tendency after
residualizing (see text for baseline fixed effects and controls in residualization) is overlaid and displayed on

the right y-axis. Ninety-five percent confidence bands are also shown.

Put together, we observe that batch tendency likely satisfies the conditions required for a valid
IV. In the next section, we formalize our IV analysis questions, and more formally establish the

validity of our IV.

3.3.1. IV Analysis To estimate the reduced-form effects of being treated by a batch-preferring

physician (batcher), we estimate the following equation:

Y; = po + p11 BatchTendency; ';-ys +vX; + v (3)

To study the effects of test batching on outcomes, Y;, we estimate the following Two-Stage Least

Squares (2SLS) equations:



Jameson, Saghafian, Huckman, Hodgson and Baugh : Image Batching in EDs

15

{ First Stage: Batched; =y + 6, BatchTendencyff;ys + 02X + v
(4)

Second Stage: Y; =+ ﬁlBatéhedi +0X; +¢;

In all cases, Y; represents our main outcomes of interest, and X; includes the same covariates
as in Eq. 1 and additional controls for physician experience, physician sex, and ED capacity level
(ED capacity guidelines for Mayo Clinic are in Appendix Table Al. The variable Batched; may
suffer from potential endogeneity concerns; for example, injury severity may be unobserved and
correlated with the need to run multiple tests, length of stay, and return with admission likelihood.
Hence, we instrument Batched; with the assigned physician j’s underlying tendency to batch,
BatchTendency; ?ys. We cluster robust standard errors at the physician level to account for the
assignment process of patients to physicians.

Table [2| presents formal first-stage results from Eq. (4). Column 1 of Table 2 presents the mean
crude batch rate. Column 2 begins by reporting results only with year-month and day of week-time
of day fixed effects. Column 3 adds our baseline patient and hospital condition controls. Consistent
with Figure 4, we find that our residualized physician instrument is highly predictive of whether a
patient will have their imaging tests batch ordered. Including controls in column 3 does not change
the magnitude of the estimated first-stage effect, consistent with the quasi-randomness of patient
to physicians with different batching tendencies. Furthermore, we observe that batch tendency
measure is fairly predictive of the batching decision, and the IV is not weak (F values are 335.8
and 536 for columns 2 and 3, respectively). For example, with all controls (column 3), our results
show that a patient assigned to a physician that is at the 90th percentile of batch tendency (0.034)
relative to a physician at the 10th percentile (-0.028) is 11.3 percentage points more likely to have
their tests batched. The coefficient is greater than one because all emergency visits are used to
construct the tendency instrument, while the first stage is calculated using the baseline sample

only, which excludes the rare and rarely batched complaints.

3.3.2. Identifying Assumptions The reduced-form approach delivers an unbiased estimate
of the causal effect of being treated by a higher tendency to batch physician, since assignment of
patients to ED physicians is random, conditional on seasonality and shift (“conditional indepen-
dence”). The residualization in Eq. (1) allows for further statistical precision in measuring physician
tendency to batch.

Our instrumental variable approach, which aims to recover the causal effect of having diagnostic
tests batch ordered, relies on three additional assumptions: relevance, exclusion, and monotonicity.
We reported a strong first stage (i.e., relevance) at the end of the previous Section. The exclusion
restriction requires that the instrument must influence the outcome of interest only through its

effect on test batching. This is perhaps our strongest assumption and is at its core, untestable.
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Table 2  First-Stage Results: Batch Tendency and Batching

Sample Mean Batch Tendency

(1) (2) (3)
Batched 0.134 1.786** 1.789
(0.341)  (0.097) (0.077)

Controls

Shift-level Fixed Effects — Yes Yes
Baseline Controls — No Yes
Adj. R? — 0.023 0.064
F-stat — 335.8 536.2
Observations 11,404 11,404 11,404

Notes: This table reports first-stage results for the regression of batch tendency on the likeli-
hood of batching. Column 1 reports the sample mean and standard deviation of the dependent
variable. Column 2 includes fixed effects for year-month and day of week-time of day. Col-
umn 3 adds baseline controls, including patient characteristics (age, vital signs like tachycardia,
tachypnea, febrile, hypotensive status), hospital characteristics (capacity level), and physician
characteristics (physician sex and physician experience). Robust standard errors are clustered
at the physician level.

***p < 0.01.

Nevertheless, we take this assumption seriously and perform a placebo check in Appendix D1 as
well as various robustness checks in Section [4.8]

However, several features of the ED setting suggest that such violation may likely only have
a small impact and may be less concerning than in other health care settings. First, unlike in
primary care settings, where the patient and primary care provider have many repeated encounters,
the scope of what the emergency physician can do to impact medium-term outcomes is limited
and well-observed by the researcher. Second, any violation of the exclusion restriction needs to
directly affect the specific outcome of interest. The channel by which ED physicians can influence
the outcomes of interest are likely through testing and diagnosis. To the extent that the exclusion
restriction is violated, our reduced form estimates can be interpreted as the causal impact of being
assigned to a more or less likely to batch physician. These reduced form results are available in
Table [3

Finally, the monotonicity assumption is necessary for interpreting the coefficient estimates
obtained from the IV approach as LATEs if there are heterogeneous treatment effects. It requires
that any patient who is batched by a low batch tendency physician would also be batched by a
high batch tendency physician. The literature leveraging the judges design typically performs two
informal tests for its implications. The first one provides that the first stage should be weakly pos-

itive for all subsamples (Dobbie et al.| (2018)). The second implication asserts that the instrument
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constructed by leaving out a particular subsample has predictive power over that same left-out
subsample (Bhuller et al.| (2020))). Appendix Figure D1 presents both of these tests in for various
subsamples of interest. In the left panel, we find that our residualized measure of batch tendency
is consistently positive and sizable in all subsamples, in line with the monotonicity assumption. In
the right panel, we also find that our additional first-stage results are consistently same-signed and
sizable across all subsamples. The coefficient magnitudes differ across subgroups because rates of

batching differ.

3.3.3. More Details on Our LATE Estimates Our two-stage least squares estimates rep-
resent the LATE for patients whose likelihood of being batched changes as a result of their physi-
cian’s batch tendency. To better understand this LATE, we characterize the number of compliers
and their characteristics following the approach developed by |Abadie and Gardeazabal (2003]) and
extended by [Dahl et al.| (2014b)).

Specifically, compliers are defined as patients whose batching decision depends on whether their
physician has the highest batch tendency (Z) or the lowest batch tendency (z). Mathematically,

the fraction of compliers (7.) is given by:

7. = P(Batched|Z = z) — P(Batched|Z = z)

where Z represents the batch tendency of the physician. Using the first-stage regression model
we predict the probabilities of being batched under the most lenient (z) and strict (z) physicians.

We find that approximately 13 percent of patients in our sample are “compliers,” meaning they
would have received batched tests if their physician had higher batch tendency but sequenced tests
otherwise. In comparison, 5 percent of patients are “always takers,” meaning they would receive
batched tests regardless of the physician’s batch tendency, and 82 percent are “never takers,”
meaning they would never receive batched tests regardless of the physician’s batch tendency. In

Appendix B, we provide more details on complier estimates and their characteristics.

4. Results and Discussion
4.1. Reduced-Form Results

In this sub-section, we start by exploring the causal influence of physician batch tendency on patient
outcomes and resource utilization in the ED. We find statistically and operationally significant
effects of assignment to a high batch tendency physician on every outcome except 72 hour return
with admission (Table . Scaling our coeffecients by the difference in tendency going from the
lowest decile to highest decile in physician tendency—equal to 6.3 percentage point increase—for
interpretability, we find that assignment to a physician in the top batching decile (relative to one in

the bottom decile) is associated with an 8.1% increase in LOS, an 8% increase in time to disposition,
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Table 3 Reduced Form: Batch Tendency and Patient Outcomes

Dependent variable

Log time to  Log Nu.m}?er of 72hr return
disposition LOS distinct with admission
P imaging tests
m o i (@
Batch tendency 1.526* 1.589* 2.561*** -0.0222
(0.6825) (0.5811) (0.2614) (0.0364)

Mean dependent variable
Time FE Yes Yes Yes Yes
Baseline controls Yes Yes Yes Yes
Adj R? 0.152 0.104 0.236 0.011
Observations 11,361 11,361 11,361 11,361

Notes: This table reports the estimated coefficients of a reduced-form regression of our main out-
comes on physician batch tendency. The dependent variables are log time to disposition, log LOS,
number of distinct imaging tests, and 72-hour return with admission. Robust standard errors are
clustered at the physician level.

*p < 0.05, ***p < 0.001

and an additional 14.5 imaging tests ordered per 100 patient encounters. These findings highlight
the substantial role ED physicians can play in putting patients on a path towards longer LOS and
increased resource utilization.

The fact that our main outcomes respond so strongly to physician batch tendency is suggestive
of batching as the underlying mechanism behind the effects. However, physicians could differ in
other dimensions of care—some observable and others not—which could be correlated with batch
tendency. Appendix D provides an attempt to distinguish between and identify the mechanisms
behind the observed reduced-form effects. This mediation analysis provides a crucial step on the

path toward a well-identified IV analysis.

4.2. Instrumental Variables Estimation

We next examine the effects of batch ordering imaging tests using our IV strategy described above.
We first analyze the effects of batching on primary ED operational outcomes, before examining its
impacts on specific test ordering patterns and disposition decisions.

Panel A of Table [4] presents OLS and 2SLS estimates of batching’s impact on key operational
metrics. Column 1 reports the dependent variable means for patients who had their tests ordered
sequentially. Columns 2 and 3 report OLS estimates with increasing controls to understand poten-
tial sources of bias. Columns 4 and 5 report two-stage least squares results using our physician

batch tendency instrument, without and with baseline controls respectively.
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Table 4 IV Results: Batching Tests and Patient Qutcomes

Sequenced OLS results 2SLS results
mean

(1) (2) (3) (4) ()

Panel A. Primary Outcomes

Log time to disposition 5236 0.083°* 0.111%** 0.784*  0.854*
(0.451)  (0.014) (0.013) (0.366) (0.285)
Log LOS 5487 0102 0.128*** 0.771*  0.858*

(0.493)  (0.014) (0.014) (0.494) (0.352)

Number of distinct imaging tests 1.338 0.836** 0.826™** 1.381*** 1.403***
(0.575)  (0.017) (0.016) (0.183) (0.184)

72hr return with admission 0.012 -0.002 0.000 -0.011 -0.009
(0.111) (0.002) (0.002) (0.014) (0.013)

Panel B. Test Types

Ultrasound 0.173 0.073** 0.127** 0.196* 0.169*
(0.378) (0.015) (0.013) (0.095) (0.071)
CT with contrast 0.188 0.024 0.058* 0.104* 0.151f
(0.390) (0.015) (0.014) (0.083) (0.081)
CT without contrast 0.402 0.383*** 0.280*** 0.118 0.148
(0.490) (0.015) (0.013) (0.134) (0.127)
X-ray 0.575 0.355*** 0.360*** 0.963*** (.959***

(0.494)  (0.012) (0.013) (0.185) (0.219)
Panel C. Disposition

Admission 0.288  0.039"  0.052* 0.421"* 0.468**
(0.453)  (0.014) (0.010) (0.094) (0.090)

Time FE — Yes Yes Yes Yes
Baseline controls — No Yes No Yes
Observations 11,361 11,361 11,361 11,361 11,361

Notes: This table reports the estimated coefficients of both an OLS and 2SLS regression of the
effect of batching on patient outcomes. The OLS columns include no controls (column 2) and
baseline controls (column 3). The 2SLS columns include no controls (column 4) and baseline
controls (column 5). Standard errors are clustered at the physician level.

fp<0.1,"p < 0.05, **p < 0.01, ***p < 0.001.

The 2SLS estimates with full controls (column 5) indicate that batching substantially increases
ED length of stay. The marginal batched patient experiences 85.8% increase in total ED length of
stay and an 85.4% increase in time to disposition. These large effects suggest that in contrast to the
fact that batching may seem efficient by initiating multiple diagnostic processes simultaneously,
it extends patient average processing times significantly. Batching also leads to more intensive

diagnostic testing. Specifically, the marginal batched patient receives 1.4 more distinct imaging
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tests, representing a 105% increase from the mean for sequentially tested patients. However, this
increased testing intensity does not appear to impact quality of care, as measured by 72-hour
returns with admission at the typical statistical significance levels. Notably, these findings suggest
that the batching behavior in the ED results in additional tests that are delay-inducing butt not
necessary value-adding. Put differently, they indicate that ordering diagnostics tests in a sequential
manner offers an important benefit: the information obtained from prior tests reduce the need to
order subsequent, non-value adding but delay-inducing tests (an “information gain” advantage).

Panel B of Table [4 examines how batching affects the utilization of specific imaging modalities.
The two-stage least squares estimates reveal that batching leads to significant increases across all
imaging types, with particularly large effects for X-rays. With full controls, batched patients are
95.9 percentage points more likely to receive an X-ray, 16.9 percentage points more likely to receive
an ultrasound, 15.1 percentage points more likely to receive a contrast CT, and 14.8 percentage
points more likely to receive a non-contrast CT. These substantial increases across all modalities
suggest that physicians who batch tend to order more comprehensive imaging workups (compared
to their non-batching peers) rather than substituting between different types of imaging.

Panel C of Table [] presents estimates of batching’s impact on ED disposition decisions. The
two-stage least squares results indicate that batching substantially alters clinical decision-making
patterns. With full controls, batching leads to a 46.8 percentage point increase in admission prob-
ability and a corresponding 40.1 percentage point decrease in discharge probability. These large,
opposing effects suggest that batching pushes physicians toward more conservative disposition deci-
sions. This also means that the impact of batching in the EDs likely spillovers to other parts of
hospitals (e.g., inpatient units), increasing their patient volumes. Increased levels of patient vol-
ume, in turn, are known to induce behaviors such as speed-up which can have negative impact on
other quality of care metrics such as 30-day mortality (Song and Saghafian|2019)).

Taken together, these results paint a complex picture of batching’s operational implications.
While batching is associated with more comprehensive diagnostic workups, it also leads to signifi-
cantly longer processing times and more conservative disposition decisions. The similar magnitudes
between the OLS and two-stage least squares estimates suggest that selection bias may play a
smaller role than anticipated in driving these relationships. However, the substantially larger stan-
dard errors in the two-stage least squares specifications indicate considerable heterogeneity in

batching’s effects across patients.

4.3. Potential Mechanism: Mediation Analysis
To better understand the mechanisms through which batching in the ED affects key operational

outcomes— length of stay (LOS) and time to disposition— we investigated the mediating roles of
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imaging volume (number of tests) and admission decisions. Separate analyses were conducted for
each operational outcome to ensure a comprehensive assessment of these pathways. These variables
were selected as potential mediators for two reasons: (a) our prior analyses demonstrate that
batching significantly increases both the number of tests ordered and the likelihood of admission,
and (b) there is a strong theoretical basis to believe that these variables contribute to longer LOS
and time to disposition. Increased imaging volume can delay patient processing due to the time
required to conduct and interpret diagnostic tests. Similarly, resource utilization and diagnostic
intensity are known to influence admission decisions, which directly impact ED throughput and
LOS (Hodgson et al.|2018).

We formalized our hypothesized mechanisms using structural equation modeling (SEM) and the
underlying DAG depicted in Figure [} This approach allows us to estimate both the direct effects
of batching on each operational outcome and the indirect effects mediated by imaging volume
and/or admission decisions. Importantly, to control for potential confounding due to time and
patient complexity, we first residualized all variables of interest by regressing them on fixed effects,
including day of the week, month, and chief complaint severity. This residualization ensures that our
estimates reflect associations net of these confounders, enabling a more precise exploration of the
relationships among batching, mediators, and outcomes. For LOS, we included both imaging volume
and admission decisions as mediators in the SEM. For time to disposition, however, admission
decisions were excluded as a mediator because the disposition decision itself marks the endpoint
of the outcome.

The results of the mediation analysis, detailed in Appendix Tables C1 and C2, shed light on
a plausible mechanism by which batching impacts LOS and time to disposition. Our findings
suggest that the effects of batching are primarily mediated through increased diagnostic testing
intensity. This aligns with the results in Table which demonstrated that batching leads to
increased imaging volume. This pathway accounts for substantial delays in LOS, as additional
imaging requires time for completion, interpretation, and integration into clinical decision-making.
For LOS, the indirect effect via imaging volume was estimated at 0.207 (p < 0.001), indicating a
substantial contribution to the total delay observed. Similarly, for time to disposition, the indirect
effect via imaging was 0.085 (p < 0.001), underscoring the central role of diagnostic testing intensity
in extending processing times. In contrast, the direct effects of batching on both LOS and time
to disposition were small and statistically insignificant, as shown in Appendix Tables C1 and C2.
This suggests that the delays attributed to batching are driven not by the act of batching itself,
but rather by the subsequent increase in diagnostic testing activity that batching involves.

For LOS, the role of admission decisions adds complexity to this narrative. Affirming the results
in Table {4, the SEM analysis (Table C1) revealed that batching was associated with a signifi-
cant increase in admission likliechood (by = 0.327, p < 0.001). Suggesting that increased imaging
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Figure 4  Directed Acyclic Graph (DAG) of the Mediation Analysis

may contribute to more conservative disposition decisions, potentially due to incidental findings
or heightened diagnostic uncertainty, which necessitate further inpatient care. This pathway con-
tributed additional delays to LOS, as coordinating patient transfers from the ED to inpatient units
involves logistical challenges and further time consumption often accrued because of lack of bed
availability in such units.. The total indirect effect for LOS, combining the pathways through imag-
ing tests and admissions, was estimated at 0.256 (p < 0.001), while the direct effect of batching
remained insignificant (¢’ =0.031, p=0.662). This consistency between the 2SLS and SEM results
reinforces the notion that diagnostic intensity and conservative clinical decision-making are the key
drivers of increased LOS in batched patients.

For time to disposition, where admission is not a mediator, the indirect effect through imaging
tests (0.085, p < 0.001) remains the predominant pathway, with the direct effect of batching again
nonsignificant (¢’ = —0.100, p = 0.216). This further highlights that the perceived efficiency gains
from batching are outweighed by the operational burdens associated with increased diagnostic

testing.

4.4. Heterogeneous Effects: ED Capacity Status
Given that ED capacity constraints significantly influence operational decisions, we next examine

whether batching’s effects vary across different capacity levels. Following The Mayo Clinic ED’s



Jameson, Saghafian, Huckman, Hodgson and Baugh : Image Batching in EDs

23

internal guidelinesﬂ (Table ??7), we categorize each encounter into to three categorizes: occurring
during normal operations, minor overcapacity, or major overcapacity. While in all of our primary
analysis we controlled for capacity status, stratifying by this allows us to understand whether the

effectiveness of batching as a workflow strategy varies with ED congestion.

Table 5 Heterogeneous Effects of Batching by ED Capacity Status

Normal Minor Major
Operations Overcapacity Overcapacity

(1) (2) 3)

Log LOS 0.890** 0.888* 0.534
(0.290) (0.354) (0.602)
Log Time to Disposition 0.812* 0.895* 0.742
(0.341) (0.404) (0.567)
Number of Distinct Imaging Tests — 1.355*** 1.474%* 1.160**
(0.088) (0.398) (0.357)
72hr Return with Admission -0.023 -0.007 0.067
(0.012) (0.032) (0.067)
Overall Batch Mean 0.158 0.133 0.099
Time FE Yes Yes Yes
Baseline controls Yes Yes Yes
Observations 3,742 5,846 1,816

Notes: This table reports two-stage least squares estimates of the impact of batching
across different ED capacity levels. ED capacity levels are defined according to internal
guidelines as described in Appendix Table A1l. All specifications include time fixed effects
and baseline controls. Robust standard errors clustered at the physician level are reported
in parentheses.

*p < 0.05, *xp < 0.01, **xp < 0.001.

The results in Table [5| show that batching’s impact varies significantly across ED congestion
levels, with important implications for operational efficiency. During normal operations, batching
is most frequent (15.8% of encounters) and leads to substantial increases in both LOS and time to
disposition, by 143% and 125%, respectively. Additionally, batching is associated with an increase of
1.36 imaging tests per patient. These findings suggest that when providers have greater discretion,
batching is used more liberally, contributing to inefficiencies by increasing imaging volume and
delaying result turnaround.

8 The ED of our other partner hospital (MGH) does not follow these guidelines, and hence, we did not include these
analyses in studying the effects of batching at MGH (see Section for our analysis using MGH data).
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As the ED enters minor overcapacity, batching frequency declines slightly to 13.3%, coinciding
with the activation of workflow interventions like the Rapid Medical Assessment (RMA) process
(Table ??. However, the negative effects of batching remain pronounced, with LOS increasing by
143% and time to disposition by 144%, while imaging volume rises even further (+1.47 tests per
patient). This suggests that despite operational adaptations, providers continue using batching in
a way that exacerbates inefficiencies, likely because these interventions do not directly constrain
their ordering behavior.

A notable shift occurs under major overcapacity, where batching drops to 9.9% of encounters,
aligning with stricter constraints such as potential ED diversion and expedited bed assignments.
Here, the negative effects of batching are markedly reduced, with LOS and time to disposition
increases are non-significant. Imaging increases as a result of batching also declines to 1.16 addi-
tional tests per patient. These results suggest that under extreme congestion, providers use batching
more selectively, likely reserving it for clinically necessary cases rather than as a convenience.

These findings highlight how batching’s impact depends on the ED’s operational state. When
providers have more discretion, batching appears inefficient, driving up imaging volume and delays.
However, under severe congestion, batching becomes less frequent and less detrimental, suggesting
a more strategic application. From a policy perspective, interventions to curb batching should
focus on normal and minor overcapacity settings, where it contributes most to inefficiencies, while

recognizing its potential necessity in extreme congestion.

4.5. Determinants of Image Batching
To investigate the drivers of batching and image ordering behavior, we examine the relationship
between physician characteristics and ED crowding on the likelihood of batched testing. We esti-

mate the following regression models:

Y: ; = Bo+ S1iMD; +yCapacity + oX; + ¢, (5)

Where Y ; represents our outcome of interest: Batched, a binary measure of whether physician
j batched tests for patient ¢, and the number of images ordered for patient ¢ by physician j. MD;
is a vector of physician characteristics, including years since residency graduation, whether the
physician is male, and the number of hours they are into their shift. Capacity is the current capacity
level of the ED, defined in Appendix Table Al. X; is the vectors of patient covariates described
in the previous section and in Figure [2} We cluster robust standard errors at the physician level.
Table [0] presents the results of the regression models.

We find that physician experience has minimal impact on batching behavior but is negatively
associated with the total number of imaging tests ordered (-0.003, p<0.05), suggesting more expe-

rienced physicians tend to be more selective in their test ordering. While physician gender shows
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Table 6 Determinants of Test Ordering Behavior

Number of
Batched Imaging Tests

(1) (2)

Panel A. Physician Characteristics

Physician Experience -0.0002 -0.003
(0.001) (0.002)
Physician Male 0.002 0.003
(0.029) (0.043)
Hours into Shift -0.004*#* -0.0003
(0.001) (0.003)
Panel B. ED Conditions
Capacity Level: Minor Overcapacity -0.021* -0.033**
(0.010) (0.016)
Capacity Level: Major Overcapacity -0.053***%  _0.071%**
(0.016) (0.025)
Time FE Yes Yes
Baseline controls Yes Yes
Observations 11,404 11,404

Notes: This table reports OLS estimates of the relationship between physician/ED
characteristics and test ordering behavior. All specifications control for patient charac-
teristics and time fixed effects. Robust standard errors clustered at the physician level

are reported in parentheses.

* p<0.05, ** p<0.01, *** p<0.001.

no significant relationship with either batching or overall test volume, we find that the timing
within a physician’s shift significantly influences batching decisions. Specifically, for each additional
hour into the physician’s shift, the likelihood of batching tests decreases by 0.3 percentage points
(p<0.01). Because the Mayo Clinic ED features very few handoffs, and physicians tend to stay with
their patients until disposition, this decline in batching as shifts progress may reflect physicians
adopting more conservative testing strategies to ensure they can complete their work before their
shift ends.

ED capacity conditions also show interesting relationships with test ordering patterns. Under
both minor and major overcapacity conditions, we observe small but highly significant decreases (-
0.001, p<0.001) in the number of imaging tests ordered, and larger negative affects on the likelihood
of batching. This selective reduction in testing during periods of high ED occupancy stands in
contrast with previous literature suggesting that ED crowding prompts less discernment in the use

of diagnostic resources (Pines [2009).
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4.6. Generalizability of Results Across EDs
To assess the generalizability of our findings beyond the Mayo Clinic ED, we replicated our analysis
using data from the MGH ED, one of the busiest emergency departments in the United States. The
MGH dataset comprises 129,489 patient encounters from November 10, 2021, through December
10, 2022. This extensive dataset provides a robust sample to validate the external applicability of
our results.

Unlike the Mayo Clinic ED, where arriving patients are randomly assigned to physicians through
a rotational system, the MGH ED employs a different patient assignment mechanism. At MGH,
patients are triaged into different care areas based on acuity and presenting complaints. Within
these areas, patients are assigned to physicians based on availability rather than a random rotational
system. We note that this assignment could induce bias into our estimates, which is why we do not
use MGH in our primary analysis. While this assignment could induce bias into our estimates, we
adjust our instrumental variable strategy to account for these differences by including additional
covariates for care area assigmnent, acuity level, and presenting complaint. While this adjustment
may not fully account for the differences in patient assignment mechanisms, it provides a more

robust comparison of the effects of batching on patient outcomes across different hospital settings.

Table 7 Comparison of Effects Across Hospital Settings

Sequenced __
Mean (SD) OLS 2SLS  Z-Statistic
(1) (2) (3) (4)
Log LOS 6.42 0.21*** 0.34 -0.907
(0.847) (0.010) (0.450)
Number of distinct imaging tests 1.34 0.780***  1.835*** 1.23
(0.563) (0.009) (0.320)
72hr return with admission 0.0123 —0.0048*** 0.0158 0.617
(0.110) (0.001) (0.038)
Time FE — Yes Yes —
Baseline controls — Yes Yes —
Observations — 42,085 42,085 —

Notes: This table reports OLS and two-stage least squares estimates from the MGH dataset. All specifications
include time fixed effects, baseline controls, and care area fixed effects. Robust standard errors clustered at the
physician level are reported in parentheses. Column 1 reports the mean and standard deviation for non-batched
patients (sequenced). Column 4 reports the Z-statistic from a formal test comparing the 2SLS coefficient in
Column 3 to the 2SLS coefficient in Column 5 of Table [

Significance levels: ***p < 0.001

After adjusting for institutional differences and using the same exclusion criteria as we used with

Mayo, we find strong evidence that our key findings generalize to the MGH setting. The 2SLS
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results in Table \ref{tab:generalize suggest batching leads to a 44.3% increase in length of stay and
approximately 1.8 additional imaging tests per patient. To formally assess whether the estimated
effects differ significantly across the two ED settings, we conduct a Z-test comparing the 2SLS
coefficients from MGH and Mayo by estimating:

AMGH — AMayo

7 =
\/SEl%/[GH + SEI%/Iayo

As reported in Column 4, the Z-statistics for each outcome indicate no statistically significant
differences in the estimated effects between the two settings. This suggests that the impact of
batching is largely consistent across hospitals, despite differences in patient assignment mechanisms
and operational structures. Overall, these results reinforce the external validity of our findings and
provide further evidence that the observed effects of batching are not merely an artifact of a single
institution’s workflow but rather a systematic consequence of batching in high-volume emergency

care settings.

4.7. Managerial Implications

Our findings have important implications for ED operations management. First, we show that batch
ordering of imaging tests, while potentially appealing as a workflow efficiency strategy, can signif-
icantly increase both length of stay and resource utilization without corresponding improvements
in patient outcomes. The substantial magnitude of these effects—an 85.8% increase in LOS for
batched patients—suggests that ED managers should carefully evaluate policies around physician
test ordering discretion. As our mediation analysis reveals, these delays arise primarily through
increased diagnostic intensity rather than the batching process itself, indicating that sequential
ordering may serve as a natural filter against unnecessary testing.

The significant variation we observe in batching behavior across physicians treating similar
patients suggests an opportunity for standardization. ED managers might consider implementing
decision support systems that encourage sequential ordering, particularly for conditions where the
information gained from initial tests frequently eliminates the need for additional imaging. How-
ever, our heterogeneity analysis indicates that such policies should be flexible to ED conditions—the
reduced impact of batching on test ordering during periods of major overcapacity suggests that
different strategies may be optimal under varying capacity constraints. This would specifically the
case, if for example ED physicians consciously or subconsciously avoid over-testing when they know
resources are significantly limited.

The substantial cost implications of batch ordering—both in terms of operational efficiency

and resource utilization—suggest that EDs could benefit from more structured approaches to test
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ordering. While preserving physician autonomy in clinical decision-making is crucial, our results
indicate that completely unfettered discretion in test ordering timing may lead to suboptimal sys-
tem performance. Simple interventions like providing feedback to physicians about their individual
batching rates relative to peers, or implementing “nudge” systems that suggest sequential ordering
pathways, could help reduce unnecessary testing while maintaining quality of care.

Finally, our findings have implications beyond individual EDs, as increased admission rates from
batch ordering create spillover effects throughout the hospital system. Hospital administrators
should consider these downstream impacts when developing imaging protocols and resource alloca-
tion strategies. The fact that batching leads to both increased testing and higher admission rates
suggests that policies aimed at reducing unnecessary batch ordering could yield benefits across

multiple dimensions of hospital operations.

4.8. Robustness Checks

While our research design leverages the random assignment of patients to physicians to identify
causal effects, several limitations warrant discussion. A primary concern is that physicians’ ten-
dency to batch order tests may correlate with other unobserved practice patterns that affect our
outcomes of interest. Although we found no significant associations between observable physician
characteristics (such as experience, gender, or training) and batch ordering tendency, unobserved
characteristics could influence both the tendency to batch and other aspects of patient care. For
instance, physicians who tend to batch order tests might also have different approaches to patient
assessment, documentation practices, or consultation patterns that independently affect length of
stay and disposition decisions. Removing the potential impact of such unobserved factors might
ultimately require running a fully randomized experiment. However, the consistency and magnitude
of our findings across (a) both OLS and 2SLS specifications, and (b) two different hospitals with
different practice settings provide strong evidence behind our findings. In particular, unobserved
physician characteristics would need to be substantial to invalidate our core finding that batching
increases both test utilization and processing times.

Nevertheless, the validity of our results largely depend on our identification strategy assumptions
(Section [3.3). Thus, we performed several robustness checks (see Appendix ??) to gain further
confidence about the validity of our results. To probe the conditional independence assumption
behind our identification strategy, we replaced the physician tendency instrument with a shift-level
instrument that captures the average tendency across all physicians working during the same shift.
To provide robustness checks to potential exclusion restriction violations, we adjusted for chief
observable margins of care that may be correlated with tendency to batch, namely (a) decision to

admit patients to the hospital, (b) propensity to order laboratory tests, and (c) propensity to order
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imaging tests. Additionally we provide a placebo test where we check whether the instrument has a
positive first stage for a placebo outcome, namely the number of laboratory tests ordered. Further-
more, we investigate whether the reduced-form effects observed in Section [£.T] are due to differences
in batch ordering rates across physicians or due to other provider differences correlated with batch-
ing tendency. We examine this by studying reduced-form effects among patients with conditions
that rarely require multiple imaging tests, as a falsification check. Finally, to address monotonicity,
we construct physician-complaint-specific leniency instruments, and we check whether our instru-
ment has a positive first stage across key complaint, severity, capacity, and demographic related
subsamples (Appendix Figure D1). Across all robustness checks and main outcomes, we found that
magnitudes of our estimates remain fairly unchanged, and the implications of our results remain
consistent. Our robustness checks, thus, give us further confidence about the validity of our main
findings. We do, however, acknowledge that a randomized experiment might be ultimately needed

to verify the results obtained from our observational data.

5. Conclusion

Although prior literature examines task ordering from the perspective of centralized protocols,
frontline physicians often have discretion over how and when they order diagnostic tests, especially
in high-pressure environments like EDs. In practice, either due to system design or individual choice,
this delegation of decision-making results in physicians self-managing their test ordering strategies.
Given the limited research on the operational implications of test ordering, little is known about
how healthcare managers should guide these practices when such discretion exists. Understanding
when and how physicians exercise this discretion informs decisions about system design, the extent
to which discretion should be granted, how to encourage optimal use of discretion, and how to
adjust policies to account for the behaviors of frontline clinicians.

We explore this underexamined area by analyzing the drivers and consequences of batch ordering
imaging tests in the ED. Utilizing detailed operational data from two large U.S. EDs with random
patient-physician assignment, we find that physicians are more likely to batch order imaging tests
earlier in their shifts and when the ED is less crowded. This suggests that time pressure and occu-
pancy levels significantly influence the decision to batch, consistent with the notion that physicians
may adjust their ordering behavior based on their workload and the operational demands of the
ED.

Our results indicate that batch ordering imaging tests leads to a significant increase in the
number of imaging studies performed per patient encounter, confirming that batching contributes
to higher resource utilization. However, we do not find evidence that batching reduces patient LOS

in the ED or impacts the likelihood of a 72-hour return with admission. On the contrary, we find
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that batching greatly increases the time spent in the ED and the time to disposition, suggesting
that large inefficiencies from initiating multiple diagnostic imaging processes simultaneously. This
result aligns with previous research emphasizing the importance of diagnostic pathways in achieving
optimal health outcomes and operational efficacy (Carpenter et al.|2015| |[Masic et al.| (2008)), |Singh
and Graber| (2015))). This is consistent with the information gain advantage of sequential test
ordering, where the results of one test may eliminate the need for another. Our findings suggest
that while discretion allows physicians to tailor their test ordering to specific situations, it may
also lead to practices that are resource-intensive without corresponding benefits to patients or the
ED system.

Moreover, over-testing in EDs is not a benign phenomenon. It is associated with increased risks,
including patient exposure to unnecessary radiation and the resultant psychological and physical
burden from incidental findings (Miiskens et al.2022]). Moreover, the economic implications are
substantial, with the overuse of diagnostic tests contributing significantly to the escalating costs
of healthcare (Atkinson and Saghafian|2023). As such, our results suggest the need to examine the
practice of batching across different clinical conditions and in other clinical settings beyond the
ED, and also consider it is consequences across a verity of metrics that affect hospital’s publicly
reported outcomes (Saghafian and Hopp| 2020, [Saghafian and Hopp| (2019)).

Our study underscores the importance of developing evidence-based guidelines to inform physi-
cians’ test ordering strategies. By understanding how batching impacts on patient outcomes and
ED operations, healthcare managers can design interventions to optimize test ordering practices.
This may include providing decision support tools, adjusting policies to encourage sequential order-
ing when appropriate, or offering feedback to physicians on their ordering patterns and associated
outcomes. By aligning physician test ordering behaviors more closely with patient needs (Atkin-
son and Saghafian 2023), EDs may enhance patient satisfaction and outcomes while improving

operational efficiency.
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